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ABSTRACT
Power of Near-Peers: Conceptualizing and Testing a Near-Peer Mentoring Model in
Raising Youths’ Self-Efficacy in Computer Programming
by
Chongning Sun, Doctor of Philosophy
Utah State University, 2020
Major Professor: Jody Clarke-Midura, Ed.D.
Department: Instructional Technology and Learning Sciences
Despite the national interest in computer science (CS) education and growing job
opportunities, the field of CS has a gender equity and diversity problem. Broadening
participation in CS remains a national priority. Of all the contributing factors documented
in the literature, self-efficacy, the judgement of one’s ability in performing a task, is a
significant inhibiting factor that affects individuals’, women’s in particular, decision to
shun or leave CS. In this dissertation study, I designed a near-peer mentoring model in
the expectation that by placing high-school-aged youth in the role of mentors to middleschool-aged mentees, they would catalyze positive changes in the mentees’ self-efficacy
in CS. This study had three objectives: (a) to design a near-peer mentoring model (i.e., a
conceptual model) around the sources of information that influence self-efficacy, (b) to
develop a mentor training model based on the conceptual model, and (c) to test the
effectiveness of the training model in increasing mentees’ self-efficacy in the context of a
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summer App programming camp. To do that, the present study adopted a mixed-methods
approach following a concurrent, embedded design to answer the questions regarding the
efficacy of the model and whether mentors’ practices of vicarious modeling, instructive
feedback, and encouragement (which were respectively aligned to the sources of selfefficacy: vicarious experience, enactive experience, and verbal persuasion) predicted
campers’ changes in self-efficacy. Data were collected from pre-post surveys and camper
interviews. Comparison of quantitative and qualitative findings showed that the near-peer
mentoring model has a potential in increasing youth’s self-efficacy regardless of their
gender. It was also found that encouragement was important for fostering self-efficacy
and while they did not directly influence self-efficacy, modeling and instructive feedback
enhanced campers’ learning experience, which, in turn, would boost self-efficacy. The
present study also provided examples of how to train mentors to do modeling and provide
instructive and encouraging feedback, which may be helpful for programs that use
mentors to recruit youth to CS.
(175 pages)
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PUBLIC ABSTRACT
Power of Near-Peers: Conceptualizing and Testing a Near-Peer Mentoring Model in
Raising Youths’ Self-Efficacy in Computer Programming
Chongning Sun
Self-efficacy is seen as a barrier for youth, females in particular, to enter
computer science (CS). In this study, I presented a near-peer mentoring model that
focused on changing the mentee’s self-efficacy in CS. The present study had three
objectives: (a) to design a near-peer mentoring model (i.e., a conceptual model) around
the sources of information that influence self-efficacy, (b) to develop a mentor training
model based on the conceptual model, and (c) to test the effectiveness of the training
model in increasing mentees’ self-efficacy in the context of a summer App programming
camp. The present study adopted a mixed-methods approach following a concurrent,
embedded design to answer research questions. Data were collected from pre-post
surveys and camper interviews. Comparison of quantitative and qualitative findings
indicated that the near-peer mentoring model has a potential in increasing youth’s selfefficacy regardless of their gender. It was also found that encouragement was important
for fostering self-efficacy and while they did not directly influence self-efficacy,
modeling and instructive feedback enhanced campers’ learning experience, which, in
turn, would boost self-efficacy. The present study also provided examples of how to train
mentors to do modeling and provide instructive and encouraging feedback, which may be
helpful for programs that use mentors to recruit youth to CS.
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CHAPTER I
INTRODUCTION
Background
Computer and information technology occupations have been among the best paid
and fastest growing jobs in the U.S. (Bureau of Labor Statistics [BLS], 2018). The BLS
(2018) predicts that by 2026, there will be more than half a million jobs added for
computer science (CS). This promising and burgeoning job market has led to great
interest in CS. According to recent Computing Research Association (CRA) Taulbee
Surveys (Zweben & Bizot, 2017, 2018), recent years have observed record undergraduate
enrollment in CS programs and graduate graduation rates.
However, despite this increase in jobs, CS occupations still have a notoriously
low representation of women in the U.S. (ComputerScience.org, 2018). According to a
report by the National Science Board (NSB, 2018), computer science is second to
engineering in the severity of workforce sex parity—only 24% of the workforce in
computer and mathematical sciences are women. And this trend will not change in the
near future, because despite the increase in the overall enrollment in CS in recent years,
there are still not enough women choosing to major in CS in college. The NSB report
showed that while women earned more than half of the bachelor’s degrees in science and
engineering since the late 1990s, their participation rate in CS is still low. For example, in
2015, women received only 18% of the bachelor’s degrees awarded in CS, in comparison
to 20% in engineering, 39% in physical sciences, 43% in mathematics, and over 50% in
the biological sciences (NSB, 2018).
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Women’s lack of participation in CS not only negatively impacts the innovation
and productivity of the field but also exacerbates their financial well-being (Beyer, 2014;
Cohoon & Aspray, 2006). Studies showed that workforce diversity is critical for
innovation (Hewlett, Marshall, & Sherbin, 2013; Østergaard, Timmermans, &
Kristinsson, 2011). Recruiting more women into CS means bringing different experiences
and new perspectives into the design and produce processes, which is key to technical
innovation (Camp, 2012). On the other hand, as mentioned above, CS is among the
fastest-growing and highest-paying occupational fields (Ashcraft, Eger, & Friend, 2012;
BLS, 2018) and has one of the smallest gender pay gaps between male and female
professionals (American Association of University Women [AAUW], 2018). However,
the majority of women have not benefited from these opportunities (as indicated by their
low participation in the field) to enhance their financial well-being and reduce existing
social injustices that hinder their future life opportunities (Ashcraft et al., 2012). As such,
there still exists the need to broaden participation (National Science Foundation [NSF],
2018).
Problem Statement
As female underrepresentation in CS is gaining more attention, a plethora of
research is committed to examining the causes of this issue (e.g., Cheryan, Plaut, Davies,
& Steele, 2009; Cheryan, Plaut, Handron, & Hudson, 2013; Lehman, Sax, &
Zimmerman, 2017; Main & Schimpf, 2017). These causes range from (lack of) social
support (e.g., Alshahrani, Ross, & Wood, 2018; Wang, Hong, Ravitz, & Ivory, 2015),
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unwelcoming or biased environment (e.g., Margolis, Fisher, & Miller, 2000; Master,
Cheryan, & Meltzoff, 2016), dearth of positive role models and/or presence of negative
role models (e.g., Cheryan, Drury, & Vichayapai, 2013; Drury, Siy, & Cheryan, 2011) to
gender gaps in previous computing experiences (e.g., Bain & Rice, 2006; Goode,
Estrella, & Margolis, 2006). Of all the contributing factors documented in the literature,
self-efficacy, the judgement of one’s ability in performing a task, is a significant
inhibiting factor that affects particularly women’s decision to shun or leave CS (Baker,
Snow, Garvin-Doxas, & Weston, 2006; Beyer, 2014; Blaney & Stout, 2017; Rosson,
Carroll, & Sinha, 2011). It is thus hypothesized that increasing women’s self-efficacy
may be an effective approach to recruiting more youth, especially girls, to CS.
Possible Solution
I designed a near-peer mentoring model to specifically address the low selfefficacy issue that confronts youth, girls in particular. Mentoring has proved to be an
effective strategy for recruiting and retaining women to and in CS (Ashcraft et al., 2012;
Friend, 2015; Gürer & Camp, 2001; Hodari, Ong, Ko, & Kachchaf, 2014) and has been
widely used in CS education (e.g., A. Craig, 1998; Fryling, Egan, Flatland, Vandenberg,
& Small, 2018; Janeja, Faridee, Gangopadhyay, Seaman, & Everhart, 2018; Kulkarni,
Yoon, Pennings, Okada, & Domingo, 2018;). In addition, studies show that mentor age
and expertise have important implications for mentoring practices (Eby, McManus,
Simon, & Russell, 2000; McCormack & West, 2000). Therefore, while designing our
mentoring model, I place a considerable emphasis on the mentors’ age and expertise
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difference from those of the mentees,’ Specifically, this near-peer mentoring model
places high-school-aged youth in the role of mentors to middle-school-aged mentees. I
hypothesize that by increasing the mentors’ perceived similarity and enhancing their
mentoring practices, they will catalyze positive changes in youth’s self-efficacy in CS.
Research Objectives
This dissertation research has three objectives. The first objective is to design a
near-peer mentoring model (i.e., a conceptual model) around the sources of information
that influence self-efficacy (Bandura, 1977, 1981, 1997). The second objective is to
develop a mentor training model based on the conceptual model. The third objective is to
test the effectiveness of the training model in increasing mentees’ self-efficacy in a reallife setting.
In Chapter II, I first introduce the conceptual near-peer mentoring model and
discuss its theoretical underpinnings. After the introduction of the conceptual model, I
will revisit the research objectives and introduce my research questions in Chapter III.
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CHAPTER II
A CONCEPTUAL NEAR-PEER MENTORING MODEL AND ITS
THEORETICAL UNDERPINNINGS
This chapter is structured with three primary sections. The first section reviews
the theoretical underpinnings that guide the model design. The second section discusses
the operationalizations of the theoretical constructs to practices. The last section
introduces the conceptual near-peer mentoring model and definitions of key terms.
Theoretical Underpinnings Guiding Model Design
Self-Efficacy as the Linchpin to the Model
The design of the near-peer mentoring model is primarily influenced by selfefficacy theory (Bandura, 1977, 1997), which argues that perceived self-efficacy, the
judgement of one’s ability in performing a task, is a major determinant of choice of
activities, effort expenditure on a task, and persistence in the task in the face of obstacles.
In the social cognitive career theory (SCCT), a theory built upon Bandura’s (1986) social
cognitive theory to explain career and academic interest development, Lent, Brown, and
Hackett (1994) stated that self-efficacy affects career development via its influence on
outcome expectations, interests, choice goals, and choice actions. Given its importance,
self-efficacy is decided as the pivot that the near-peer mentoring model hinges upon in
order to affect youth’s interest in CS and possible CS-related careers. It is hoped that
through the enhanced learning experiences, youth’s self-efficacy in programming will
increase, and also heightened interest in CS will ensue subsequently. Specifically, the
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near-peer mentoring model uses high school students as the intervention agents to create
a socially supportive environment where learners would feel secure, confident, and
inspired to compute. In addition, through their mentoring practices, the high school
mentors will also guarantee learners’ sense of success in programming. These practices
are based on Bandura’s (1977, 1997) theorization on the sources of self-efficacy, which
are reviewed below.
Sources of Self-Efficacy
According to Bandura (1977, 1997), self-efficacy can be derived from four
sources of information including enactive experience (i.e., successes and failures with
specific tasks), vicarious experience (i.e., observing others), verbal persuasion (i.e.,
encouragement or discouragement), and physiological and affective states (i.e., anxiety,
stress, etc.). The near-peer mentoring model targets the first two processes (i.e., enactive
and vicarious experiences) and embeds verbal persuasion into the mentoring practices to
influence students’ self-efficacy in programming. Details on these sources are reviewed
in the following section.
Enactive experience. Enactive experience or mastery experience is the principal
and most influential source of efficacy information, because it provides the most
authentic evidence of one’s capability in executing a task. Compared to the other three
sources, that is, vicarious experience, verbal persuasion, and physiological states,
enactive experience is more powerful because the otherwise derived self-efficacy can be
negated by subsequent enactive performances (Bandura, 1986; Schunk, 1984). Generally,
performance successes can raise self-efficacy, and repeated failures lower self-efficacy
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particularly if they occur early in the course of events and are not due to insufficient
effort or adverse external situations. When a strong sense of self-efficacy is established
through repeated successes, occasional failures do not cause significant decrease in the
efficacy expectation (Bandura, 1977, 1986).
However, Bandura (1997) noted that self-efficacy appraisal is an inferential
process, and performance outcomes are only “forceful persuaders” to assure individuals
that they have the ability to perform the task or not. Further, Bandura (1997) posited that
performance per se does not necessarily change self-efficacy. Rather, it is the diagnostic
information that the performance outcome conveys regarding one’s ability that causes
changes in the efficacy expectation for a task. However, a performance outcome is often
the result of a compound of actual ability, and personal and situational factors, many of
which are not indicative of abilities. Among these nonability factors that Bandura
identified (1977, 1986, 1997) are task difficulty, effort expenditure, external aid, enactive
circumstances, and the temporal pattern of successes and failures. For instance, successes
at an easy task do not provide new information on personal abilities and therefore do not
cause efficacy reappraisals. Conversely, failures at a challenging task may not lower selfefficacy as the unsuccessful performances do not reflect actual abilities. The amount of
effort invested in a task also affects how a performance outcome is perceived and
interpreted. Namely, successes do not raise self-efficacy if tremendous effort has been
required; failures do not lower self-efficacy if attributed to lack of effort. Furthermore,
successes achieved with others’ assistance are not as informative of personal abilities as
are those achieved without assistance, because successes may be credited to external
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assistance rather than capabilities. By the same token, contextual circumstances under
which performances occur also contribute to the interpretation of the outcomes. As an
example, when the contextual circumstances are optimal as compared to being adverse
for executing a task, faulty performances are more likely to be attributed to ability
deficiency and therefore more likely to debilitate efficacy beliefs. Lastly, only repeated
successes and failures change self-efficacy; occasional occurrences do not.
Vicarious experience. In addition to enactive experience, self-efficacy appraisal
is also partly influenced by vicarious experience, which is an observational experience in
relation to other people and their attainments. In other words, people can adjust their
efficacious beliefs from observing other people in respect to the operating processes that
they engage in when performing a task, and also the outcomes of their actions.
Specifically, the influence of vicarious experience on self-efficacy is facilitated by a
mechanism of social comparison between the observer and the observee (i.e., the model).
By observing and comparing him/herself to a model, the observer can draw inferences on
his/her own ability in performing the same task. To summarize this, Bandura (1997)
concluded that “seeing or visualizing people similar to oneself perform successfully
typically raises efficacy beliefs in observers that they themselves possess the capabilities
to master comparable activities” (p. 87).
There are several conditions under which efficacy appraisal is particularly
sensitive to vicarious influence. First, in the absence of prior experience and direct
knowledge of their actual abilities, vicarious experience is a major source of information
that people rely on to judge their efficacy. As an example, watching others use computers
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can increase the self-efficacy of people who have no experience with computers in using
them. Second, vicarious experience can also mitigate the sense of inefficacy derived from
previous experiences and improve efficacy expectations. In their early work, Bandura and
colleagues (e.g., Bandura & Adams, 1977; Bandura, Blanchard, & Ritter, 1969) found
that watching other people handle snakes reduced the avoidance behaviors of people who
were originally severely afraid of snakes and increased their efficacy beliefs in coping
with snakes.
Modeling is an effective tool to promote the vicarious mode of influence on
efficacy beliefs (Bandura, 1997). Schunk (1987) defines modeling as behavioral changes
deriving from observing a model whose behaviors, verbalizations, and expressions serve
as cues for the observer’s changes. As the definition implies, modeling utilizes both
verbal message and behavioral performance. During verbal modeling, models articulate
their attitudes toward a task. For example, models can express their confidence in or
frustration at mastering a task. They can also model persistence by pronouncing that a
task is surmountable and goals are achievable. Models who express positive attitudes and
determinedness in the face of obstacles can instill a sense of efficacy in observers.
Conversely, performance modeling focuses on skills and coping strategies required to
accomplish a task. In addition to the motivational and instructive functions, modeled
events can convey the information on the nature of a task such as level of difficulty and
reverse the observers’ original perceptions of the task.
To heighten its effects, perceived similarity to a model is crucial for vicarious
modeling. Bandura (1997) hypothesized that the greater the similarity, the more credible
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the models’ attainments, and subsequently the greater the vicarious influence on
increasing self-efficacy. The perceived difference from a model reduces people’s sense of
relevance for comparing themselves to the model. Therefore, the behaviors of a model
with marked differences have limited power in changing self-efficacy. As Bandura noted,
“[g]iven large perceived disparities in experiences, children are likely to view skills
exemplified by an experienced model as beyond their reach and are thus declined to
invest the effort needed to master them fully” (p. 234). Bandura further specified the
perceived similarity in terms of performance and personal attributes. In other words, a
perceive similarity between the modeled success and one’s performance increases selfefficacy; dissimilarity to the model in regard to performance capabilities overrides the
effects of modeled success on self-efficacy. In addition, a social comparison to the
personal attributes of a model, which are predictive of performance capabilities, is also
informative to the observer’s self-appraisal of abilities: similarity in these personal
characteristics implies similarity in abilities.
Verbal persuasion. Verbal or social persuasion is a further source of selfefficacy, widely used but limited in its power to create enduring self-efficacy. However,
in the face of difficulties, the persuasion from significant others such as families,
teachers, and friends can instill a sense of efficacy in people to persist. In addition,
credible persuasion that is within realistic bounds can contribute to successful
performance (Bandura, 1977, 1986, 1997). On a side note, despite its limitations in
raising self-efficacy, I still found it relevant in the context of youth, especially females
and computing, because research has shown that social encouragement is a significant
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factor in affecting young women’s decisions of pursuing CS careers (e.g., Ashcraft et al.,
2012; Wang et al., 2015). Although the near-peer mentoring model does not directly
address this issue, however, social encouragement is integrated into and permeates
throughout mentoring activities.
Physiological and affective states. According to Bandura (1977, 1986, 1997),
people also rely on the information conveyed by their physiological and emotional states
to appraise their self-efficacy. For example, sweating or anxiety prior to a test can be
interpreted as indicative of ability deficiency and arouse self-doubt in one’s ability to
pass or complete the test. Physiological and affective states are an important source of
self-efficacy in domains that involve physical accomplishments, health functioning, and
coping with stressors. Therefore, Bandura (1997) suggested enhancing psychical statuses,
reducing stress levels and negative emotional proclivities, correcting misinterpretations of
bodily states to increase the self-efficacy for tasks in the afore mentioned domains.
Related Works on Sources of Self-Efficacy
A body of literature has produced evidence to corroborate Bandura’s hypotheses
on the sources of self-efficacy. Usher and Pajares (2008) reviewed the studies that
investigated these sources in school contexts and were conducted between 1977 (when
the construct of self-efficacy was first introduced) and 2007. The review showed that
consistent with Bandura’s prediction, enactive experience was most powerful and
consistently predicted self-efficacy across domains. Vicarious experience, however, was
least consistent of the four sources in predicting self-efficacy. Magnitudes of the
correlations between vicarious experience and self-efficacy ranged from being very small
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(r = .09) to fairly large (r = .58). In some of the multiple regression studies reviewed,
vicarious experience did not predict self-efficacy with inclusion of other sources of selfefficacy. Usher and Pajares, however, concluded that the mixed findings were a result of
the psychometrically inadequate measures used in those studies. Specifically, most
studies with few exceptions used measures of low reliability, some studies only used oneitem measures, and some used measures that were against Bandura’s conceptualization of
vicarious experience. As to social persuasion, findings were generally consistent. Most
studies reported significant correlations between social persuasion and self-efficacy with
only a few finding nonsignificant correlations. Still, as the authors noted, those
nonsignificant findings were due to the measures the studies employed. In addition, most
of the studies on physiological state observed results indicating its negative relationship
to self-efficacy.
In the review, Usher and Pajares (2008) also found that gender among other
factors including ethnicity, academic level and academic domain moderates the strength
of different sources on self-efficacy. There is additional evidence suggesting that females
are more sensitive than males to vicarious experience and social persuasion and are more
apt to rely on these two sources to foster their self-efficacy in STEM-related domains.
For example, Zeldin and Pajares (2000, also included in the Usher & Pajares (2008)
review) interviewed 15 women with STEM careers and found that vicarious experience
and verbal persuasion were the critical sources of those women’s confidence in pursuing
careers in male-dominated domains. In another example, Zeldin, Britner, and Pajares
(2008) conducted a comparative study on the sources of self-efficacy of successful men
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and women with STEM careers. They found that while mastery experience was the
primary source of men’s self-efficacy to excel in those professions, women’s confidence
was primarily from social persuasion and vicarious experience. In a more recent study,
Lin (2016) surveyed 1,073 Taiwanese undergraduate CS majors on their learning selfefficacy, computer self-efficacy (i.e., self-efficacy in using computers), programming
self-efficacy, and sources of those self-efficacies. Regression analyses showed that as to
females, only vicarious experience and social persuasion predicted computer and
programming self-efficacy, with vicarious experiences as the primary predictor of
computer self-efficacy and social persuasion as the primary predictor of programming
self-efficacy.
Literature across various academic disciplines and domains such as mathematics
(e.g., Schunk, 1982; Schunk & Hanson, 1985; Schunk, Hanson, & Cox, 1987;
Zimmerman & Ringle, 1981), science (e.g., Hoogerheide, Loyens, & van Gog, 2016;
Hoogerheide, van Wermeskerken, Loyens, & van Gog, 2016; Hoogerheide, van
Wermeskerken, van Nassau, & van Gog, 2017), reading and writing (e.g., Schunk &
Rice, 1986, 1993; Schunk & Swartz, 1993), and second language education (e.g.,
Murphey & Arao, 2001; Murphey & Murakami, 1998) also suggest that interventions that
targeted one or more of the sources were able to raise self-efficacy. There are also studies
showing that interventions focused on enactive and vicarious experiences led to increased
self-efficacy for using computer programs (Compeau & Higgins, 1995; Gist, Schwoerer,
& Rosen, 1989; R. D. Johnson & Marakas, 2000). However, similar studies are scarce in
CS and to the best of my knowledge, no study has been conducted concentrating on the
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interventional effects of enhanced sources on programming-related self-efficacy.
Operationalizing the Sources of Self-Efficacy
The goal of the near-peer mentoring model is to increase mentees’ self-efficacy
by providing an enhanced suite of informational sources as discussed above. In this
section, I discuss how these sources are operationalized and incorporated in the model.
Enactive Experience and Verbal Persuasion
As noted above, factors such as task difficulty, perceived effort expenditure,
contextual conditions, external aid, and temporal patterns of failures and successes can
alter the perception of one’s enactive experience. When designing the near-peer
mentoring model, I place a heavy emphasis on intervening on contextual conditions and
external aid in order to control the impact of these two factors on mentees’ perceptions of
their enactive experience. As to contextual conditions, I operationalize them as the
attitude a model demonstrates toward a task and people who are to execute the task. This
attitude is then perceived and used by an observer to determine his/her affective and
behavioral responses to the task. In the present case, it is the near-peer mentors’ affective
attitudes toward computer science and who can be a programmer that the learners
perceive and use to direct their behaviors. As such, in order to create a socially supportive
environment where learners feel safe and supported to program, the mentors are
presented as CS role models but from heterogeneous backgrounds. It is hypothesized that
the mentors’ enthusiasm in computing will debunk the negative stereotypes that
marginalize some young learners and promote the idea that any individual can program.
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As to external aid, I operationalize it as all the verbal feedback mentors provided
to the learners for the purposes of content instruction, problem solving, and performance
assessment. However, it should be acknowledged that this operationalization is not
without concerns. Because feedback is not only diagnostic and remedial, but it is also
evaluative, meaning that it also conveys information on one’s capabilities in dealing with
a task. Schunk (1995) therefore postulated that feedback is a persuasive source of selfefficacy information. In other words, in addition to its role as external aid, feedback also
fuses within itself the role of social persuasion. As such, feedback does not only affect
performance, but also contributes to self-efficacy enhancement.
Feedback influencing enactive experience. The near-peer mentoring model
attempts to provide modified feedback to optimize its effect on enactive experience.
Several meta-analytic studies have found generally positive evidence in regard to
feedback effects on task performance and learning (Azevedo & Bernard, 1995; Kluger &
DeNisi, 1996). However, a recent review on formative feedback (defined as “information
communicated to the learner to modify his or her thinking or behavior for the purpose of
improving learning,” Shute, 2008, p. 154) concluded that feedback research was still a
murky area with conflicting results and there was no best type of formative feedback that
would benefit all learners. According to the study, several factors such as learner
characteristics, task characteristics, and instructional contexts moderated feedback
effects. Therefore, while designing the near-peer mentoring model, it is not possible to
compile an exhaustive list of feedback features and types that are able to improve
performance. The feedback strategies discussed below are only representative and
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pertinent to the model’s purposes.
In regard to content instruction and problem solving, three types of feedback,
which are categorized based on the information it carries, are associated with selfefficacy and performance improvement: feedback on knowledge of results (KR; i.e., the
correctness of a response), feedback on knowledge of correct responses (KCR; i.e., what
a correct response is), and elaborated feedback (EF). In a study of the effects of feedback
on self-efficacy in a web-based learning context, Wang and Wu (2008) found that
receiving elaborated feedback significantly increased college students’ self-efficacy;
KCR feedback increased performance but not self-efficacy. However, Yang and Wu
(2013) investigated the same phenomenon using a sample of high school students and
found that both KCR and EF feedback were significant predictors of self-efficacy
changes but in opposite directions. The amount of KCR type of feedback was positively
correlated with self-efficacy, while the amount of elaborated feedback negatively
correlated with self-efficacy. Of note, the study had only thirteen participants and caution
should therefore be taken while interpreting the results. Furthermore, in a review of
feedback studies, Hattie and Timperley (2007) concluded that feedback is more effective
in improving performance when it provides information on correct rather than incorrect
responses, which implies the necessity of at least providing KCR feedback during content
instruction.
Feedback serving as persuasion. As mentioned above, feedback intended for
performance assessment is also persuasive. Nevertheless, the way that performance
feedback is framed can have differential effects on efficacy expectation (Bandura, 1997;
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Schunk & Rice, 1986). A review of the literature on performance feedback and selfefficacy can provide guidelines for the model in respect to the design of performance
feedback.
First of all, Bandura (1993) postulated that performance feedback focusing on
achieved progress underscores personal capabilities and will increase self-efficacy,
whereas feedback stressing shortfalls accentuates deficiencies and will therefore lower
the sense of self-efficacy. Similarly, Pintrich and Schunk (2002) suggested that feedback
that emphasizes ability, growth, and achievement increases self-efficacy. Research data
have found support for this conjecture. One study (Vallerand & Reid, 1988), as an
example, found that positive verbal feedback that underscored personal abilities and
achievement was predictive of participants’ beliefs of competence, which predicted
intrinsic motivation. Schunk and Swartz (1993) observed similar results in their series of
studies, where students who received feedback regarding their progress reported higher
self-efficacy than those who did not receive such feedback. A more recent study
(Kollöffel & de Jong, 2016), as another example, compared the effects of two types of
performance feedback (i.e., social comparison vs. criterion-based) on learning outcomes.
The social comparison feedback was phrased around how well one was performing
relative to other students; whereas, the criterion-based feedback was to evaluate
performance based on an absolute criterion. The findings of the study showed that
students in the social comparison feedback condition outperformed those in the criterionbased condition and had greater learning gains. Although this study did not measure the
effects of the two types of feedback on students’ efficacious beliefs, the positive
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relationship between social comparison feedback and an increase in self-efficacy can be
inferred, because the social comparison feedback conveys to the students a sense of
superiority to others in regard to their abilities.
In addition, attributional feedback that links a performance outcome to some
attributions or perceived causes is also useful for fostering self-efficacy (Schunk &
Pajares, 2002). Research showed that ability attributional feedback (which prescribes
performance outcomes as the result of one’s competence) was found to be more effective
than effort attributional feedback (which attributes success to one’s persistent effort) in
terms of improving self-efficacy and performance (Schunk, 1983; Schunk & Rice, 1986).
In addition, effort attributional feedback focusing on past achievement was more efficient
than effort feedback focusing on future achievement (Schunk, 1982).
Vicarious Experience
Models are an important component of vicarious experience and informational
sources for assessing self-efficacy (Bandura, 1986; Schunk, 1987). Self-efficacy
adjustment occurs through a process of social comparison to the models (Bandura, 1977).
In a review, Schunk (1995) acknowledged the positive and profound effects of models on
self-efficacy, motivation, and achievement. As such, I operationalize the various
experience in this mentoring model as a process of modeling. In this model, the mentors
are thus prescribed as social/role models whose modeled behaviors and attainments will
influence students’ self-efficacy and motivation.
Vicarious modeling and perceived similarity. Bandura (1977, 1997)
hypothesized that modeling effect on self-efficacy relies on perceived similarity to the
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model—erception of close similarity to a model increases the personal relevance of the
modeled attainment to one’s own performance and observing the model succeed in a task
will raise the observer’s self-efficacy in performing comparative tasks. Bandura (1981)
further specified the model-observer similarity in terms of competence and personal
attributes such as age, gender, educational and socio-economic backgrounds, and
race/ethnicity. He posited that even if personal attributes might be not relevant to a task,
they still could increase the force of modeling influences and be beneficial. Schunk and
Hanson (1985) and Schunk et al. (1987) extended the similarity hypothesis and
contended that models of the same age and gender and of similar competence would be
more effective than adult models of superior competence in teaching children skills and
promoting their self-efficacy. Given the theorizations on similarity to models, model
expertise, age, and gender are decided as the variables of interest that are used to control
near-peer mentors’ perceived similarity. In the following section, I review empirical
evidence in regard to matching expertise, age, and gender to social/role models on
students’ self-efficacy and motivation.
Expertise and age similarity. According to the model-observer similarity
hypothesis, models of similar competence and age will be more effective in enhancing
self-efficacy. Schunk (1989) explained that models of similar or slightly higher
competence provide the best comparable information people rely on to gauge their
capabilities, and peers are superior to adults in increasing children’s self-efficacy because
of vast competence differentials between children and adults. There is a body of literature
on model age and self-efficacy that has found evidence consistent with the model-
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observer similarity hypothesis. Schunk and Hanson (1985) sampled students with
deficient subtraction skills and assigned them to one of the three conditions: (a) viewing
the video of an adult model providing instruction to a student model of the same gender
and age as themselves, followed by the peer model modeling subtraction operations, or
(b) the same adult model instructing alone without peer modeling, or (c) no video
modeling. Results indicated that students in the peer model conditions had higher selfefficacy than those in adult and no model conditions. In another study (i.e., Study 2),
Rosenberg-Kima, Baylor, Plant, and Doerr (2008) tested social models’ personal
attributes on female college students’ attitudes and beliefs. By manipulating the gender,
age, and level of “coolness” of the animated agents they created, the authors found that
age and “coolness” were predictive of female students’ self-efficacy. Students who
viewed agents that were young and cool had the highest self-efficacy of all treatment
conditions (i.e., young and uncool, old and cool, and old and uncool). Baylor and Kim
(2004) observed similar results using animated models as well. As part of their
manipulations, they created three age group agents: much older, professor-like agents,
slightly older, mentor-like agents, and similar-aged, peer-like agents. Students who
worked with the younger and more peer-like agents reported higher self-efficacy than
those who worked with the older, professor-like agents. In a similar study to Baylor and
Kim (2004), Liew, Tan, and Jayothisa (2013) designed a female peer-like animated agent
and a female expert-like agent (of older age) to instruct college level programming. Their
findings, however, were contradictory to the age similarity hypothesis and in favor of the
older, expert agent regarding raising self-efficacy.
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As to expertise, empirical findings are inconsistent as well. In the same study as
mentioned above, Schunk and Hanson (1985) tested levels of peer models’ perceived
competence in solving subtraction problems on students’ self-efficacy and performance.
They operationalized model competence as behaviors demonstrated while doing
subtractions. Models who were hypothesized to be more similar to the participants in
math competence demonstrated coping behaviors (i.e., demonstrating the typical fears
and deficiencies of the participants but gradually improving their performance); models
who were hypothesized to be more advanced in competence than the participants
demonstrated mastery behaviors (i.e., faultless performance). Contrary to their hypothesis
on competence similarity and self-efficacy, analyses did not detect significant selfefficacy differences between the coping and mastery groups after modeling. However,
this finding should be interpreted with caution as students in the two treatment groups did
not perceive their models to be significantly different. In a follow-up study, Schunk et al.
(1987) conducted two experiments to explore peer models’ personal attributes and
number of models on students’ efficacy beliefs and achievement behaviors. In
Experiment 1, which focused on the impact of model gender and expertise on selfefficacy and skill acquisitions, significance test indicated that coping models were
perceived to be more similar than mastery models to the participants in math competence
and observing coping models led to higher self-efficacy than observing mastery models.
Findings of Baylor and Kim (2004) were in line with Schunk et al.’s evidencing the
positive effects of competence similarity to models on students’ self-efficacy.
Specifically, the study found that students who worked with female animated agent had
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higher self-efficacy than students with male agents, provided that the female agents were
rated as less intelligent and knowledgeable than the male agents. In addition, students
who worked with the more peer-like motivator agents (characterized by great enthusiasm
but limited knowledge) and mentor-like agents (i.e., having more knowledge than the
motivator agents) reported higher self-efficacy than those who worked with the
professor-like expert agents (i.e., having extensive knowledge).
Marx and Roman (2002) found different results, however. In one of the three
studies (i.e., Study 2) they tested the impact of a role model’s perceived competence on
the participants’ performance state self-esteem, which was defined as the confidence
people had for performing well in future situations. The participants read a biographical
sketch of a fictitious female experimenter (i.e., the role model) differing by math
competence. They were made to believe the same experimenter would administer a math
test afterwards. Of note, the participants were a group of undergraduate students who
were motivated and identified with math and therefore hypothesized to be more similar to
the high competent model. Findings showed that female students in the high competent
conditions had the lowest self-efficacy of the four conditions (i.e., participant gender by
model competence), even though the same group scored higher on the math test than
those females in the low competent group.
In another study, Hoogerheide et al. (2016) argued that the empirical
inconsistence regarding age and expertise similarity was due to methodological issues
that confounded the modeled contents under different experiment conditions, as well as
model age and expertise. In their study, they kept constant the modeling examples (i.e.,
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model physical and social attributes, gestures, and instructions) across conditions and
only manipulated model age and expertise. To eliminate the possible confounding effect
of the individual characteristics of the models on the outcome variables of interest, they
provided two models per condition (i.e., peer vs. adult and high vs. low expertise). The
videotaped modeling examples were then administered to 157 secondary school students.
Findings showed that model age had an effect on posttest performance and mental effort.
Namely, the adult model group outperformed the peer model group in posttest
performance and the former group invested less mental effort than the latter group. Model
expertise showed no significant effect on task performance or mental effort, however. In
addition, neither model age nor expertise had effects on self-efficacy or perceived
competence. Therefore, the authors concluded that adults were preferred to peers in terms
of modeling efficiency.
Gender similarity. As the model-observer similarity hypothesis predicted
(Schunk, 1989; Schunk et al., 1987), same-gender models will be perceived to be more
similar and therefore be more apt to increase observers’ efficacy beliefs than cross-gender
models. However, literature on model gender and observer self-efficacy and motivation
has shown mixed results. Some studies showed that gender matching had positive effects
on females’ self-perceptions. For example, in one of the two studies reported (i.e., Study
1), Lockwood (2006) investigated gender of career role models on college students’
career perceptions. In this study, participants in the experiment groups read a forged
newspaper article about a successful career role model of either the same gender or cross
gender. Findings indicated that female participants were more identified with and

24
inspired by female role models and rated higher in likelihood of becoming like the role
model professionally, whereas model gender did not impact male students’ career
perceptions. In another study (i.e., Study 1), Marx and Roman (2002) focused on gender
of role models on college females’ math test performance and task confidence. Findings
indicated that when a female experimenter competent in mathematics (i.e., a female role
model) administered a math test, females scored equally well as males and their
confidence levels in performing the task were similar to those of males, while females
underperformed in the test and reported lower task confidence than males when
administered by a competently comparable male experimenter.
In contrast to the positive findings of gender matching on self-perceptions and
confidence, there is also empirical evidence indicating the negative effects of gender
matching on motivation and confidence. For instance, Bamberger (2014) found that
exposing female high school students to female role models working in the STEM fields
significantly lowered the students’ perceptions of their capability in dealing with STEM,
especially for those who were not sure of their own capabilities. Also, this experience
reduced students’ intent to pursue STEM careers. However, the author noted that rather
than gender, such results might be due to the cognitive and developmental gaps between
the role models and students, which led to communication difficulties between the two
parties and caused feelings of fear within the students.
There is also research indicating the null effect of model gender on observers’
self-efficacy and performance. In the same study as mentioned above, Schunk et al.
(1987) did not observe model gender effect on students’ self-efficacy and performance.
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In addition, Hoogerheide, Loyens, and van Gog (2016) tested the model-observer gender
similarity hypothesis on learning and motivational outcomes. Following the same
approach as in Hoogerheide and van Wermeskerken et al. (2016) in respect to modeling
examples and experiment design, they showed the video modeling examples on
probability calculation to 167 Dutch secondary school students and found that model
gender had no effect on students’ self-efficacy and perceived competence in the posttest.
Model gender did affect students’ invested mental effort, though. That is, it was less
effortful for male students to study the male model than the female model, but this pattern
was not detected for female students. In other words, females did not exert effort
differentially as a function of model gender. In another video modeling study using a
different sample and subject topic (i.e., electrical circuit), Hoogerheide et al. (2017)
found that although students reported being more similar to same-gender models, model
gender did not have effects on students’ test performance, self-efficacy and perceived
confidence gains, and effort investment.
Due to the lack of a consensus on the impact of model expertise, age, and gender
on students’ motivation and performance, I looked to the research on youth mentoring
and role modeling to help inform my design decision. In regard to age and expertise,
mentoring literature showed that mentors of similar age and expertise are better at
identifying their mentees’ learning needs and delivering instruction in a way that the
learners can understand (e.g., Tenenbaum, Anderson, Ramadorai, & Yourick, 2017). In
addition, the proximity in age also makes the mentors more relatable and fun to work
with (e.g., Clarke-Midura et al., 2018; Tenenbaum, Anderson, Jett, & Yourick, 2014;
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Tenenbaum et al., 2017; Willis, Bland, Manka, & Craft, 2012). As to model gender,
studies showed that same-gender and cross-gender roles models are equally effective in
fueling women’s interest in CS (Cheryan, Drury, & Vichayapai, 2013; Drury et al.,
2011). Furthermore, role models of both genders can benefit females in terms of fostering
and maintaining their confidence in pursuing and exceling at STEM-related careers
(Zeldin & Pajares, 2000).
In sum, I argue that mentors of similar age and expertise and of both genders will
positively influence the mentees’ self-efficacy. By manipulating mentors’ computing
expertise and controlling their age gaps to the mentees, the model will be able to augment
the perceived similarity between the mentors and mentees and consequently increase the
vicarious influence on mentees’ computing confidence.
Physiological States
Despite its influence on self-efficacy, physiological states are not included in this
mentoring model. In other words, no interventional procedure is designed in this model to
regulate mentees’ physiological states. There are several reasons for not including
physiological states. First, physiological states as bodily and/or emotional arousals exist
in two forms: as either internal arousals or expressive reactions (Bandura, 1986). The
former, internal arousals, is usually not publicly detectable, thus making it difficult for
mentors to offer help in easing one’s internal discomfort in practice. On the other hand,
overt and observable as are expressive bodily or emotional reactions, however, different
physiological or affective states may have the same expressive reaction (Bandura, 1986),
which complicates the reading of one’s actual bodily or emotional states toward a task.
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In addition, how an individual interprets his/her expressive reactions has different
implications for building efficacy beliefs. To illustrate this, Bandura (1986) used
sweating as an example, which can be interpreted either as an indication of the physical
discomfort caused by warm room temperature or a sign of ability deficient in executing a
task. While the former interpretation has little or no effect on efficacy beliefs, the latter is
debilitating to self-efficacy. To sum up, personal interpretation of one’s own
physiological states plays a critical role in how these bodily or affective reactions may
influence his/her efficacy belief. For the same reason, misinterpretation of a mentee’s
expressive reactions will greatly reduce the utility of a mentor’s attempt in reversing the
mentee’s seemingly negative reactions.
One last reason for not including physiological states in this model is because
negative arousal such as anxiety and fear does not always debilitate or inhibit
performance. For example, Alpert and Haber (1960) found that academic performance
scores were predicted by both debilitating and facilitating anxieties. In another study,
Cassady and Johnson (2002) showed that a moderate level of physiological arousal was
correlated to higher test performance. As these studies show, the complexity between
physiological arousal and performance poses another challenge for mentors to manage
the mentees’ arousals and maintain them at an appropriate level (that is facilitative rather
than pernicious to efficacy belief) in practice.
Although this mentoring model does not directly address mentees’ physiological
states, the other interventional procedures can compensate the effects of negative arousals
on efficacy belief. As mentioned above, self-efficacy is the result of a cumulative
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influence of four sources of information. All the four sources can influence efficacy
singly; however, jointly, one source of information can neutralize the effect of another
source on self-efficacy. As Bandura (1977, 1986, 1997) noted, enactive experience, as the
most powerful source, can override the effects of the other three sources. There is also
research suggesting that enactive experience mediates the influence of physiological
states on self-efficacy (Capa-Aydin, Uzuntiryaki-Kondakci, & Ceylandag, 2018).
To conclude, I argue that given the complexity in noticing, interpreting, and
managing a mentee’s physiological arousals as reviewed above, an interventional
procedure is practically challenging. Moreover, the intervention procedures to improve
enactive and vicarious experience and perceived verbal persuasion suffice in canceling
out mentees’ self-doubts about their efficacy.
The following section elaborates the design of the near-peer mentoring model,
including the definition of near-peer mentors and specification of the interventional
procedures.
Near-Peer Mentoring Model
Overview
The ultimate goal of the near-peer mentoring model is to enhance youth’s,
particularly girls’, interest in CS via a strengthened sense of self-efficacy. According to
social cognitive career theory (SCCT; Lent et al., 1994), interests in career-related
activities are the result of self-efficacy and positive outcome expectations derived from
high self-efficacy. Given its pivotal role in career interest development, self-efficacy is
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identified as the leverage point upon which the near-peer mentoring model operates to
fulfil the goal of fueling youths’ interest in CS. The model sets out to improve selfefficacy by manipulating three sources of information that influence efficacy
expectations, that is, enactive and vicarious experiences, and verbal or social persuasion.
Enactive and vicarious experiences are the primary sources the near-peer mentoring
model targets and hence are where the intervention procedure occurs. Verbal or social
persuasion, on the other hand, is fused within the interactional procedure aiming at
enactive experience. In other words, verbal persuasion is integrated into the near-peer
mentors’ verbal feedback, which will permeate throughout their mentoring practices.
As a distinguishing feature of the model, vicarious modeling benefits the learners’
self-efficacy expectations in several ways. The obvious benefit is that the addition of
vicarious modeling will enrich the sources of information learners can use to assess their
capabilities. A second, and more important benefit, is that vicarious modeling serves as
an entry point especially for novice learners and also those who have had few successful
programming experiences. As discussed above, modeling can raise novice learners’
beliefs in their ability to do programing and ease them into the programming activities.
Furthermore, modeling can also neutralize the negative effects of previous failures on the
learners’ efficacy beliefs (Bandura, 1997). Another benefit associated with vicarious
modeling is that it provides learners with a social platform where a trusting relationship
between the near-peer mentor and mentees can develop through social comparisons.
Specifically, being socially comparable will highlight the near-peer models’ credibility as
vicarious models. Such credibility will subsequently translate into the mentees’ perceived
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social relationships with the near-peer mentors, with the mentees endorsing their mentors
as relatable and approachable. This relatability in return plays a facilitative role in the
learners’ perceived enactive experiences in two aspects: (a) a resultant supportive
environment is created for programming; (b) learners are more willing to share their
struggles so that the mentors are able to provide more targeted aid and guidance.
Definition of Terms
Before proceeding to introduce the near-peer mentoring model, I first define a few
key terms. In accordance with the framing of the mentoring model, I define near-peers as
a relationship between a mentor and mentee, who are proximal in age but somewhat
distant in expertise. To illustrate the expertise gap between the near-peer mentors and
mentees, an analogy can be drawn to the ranks of workers: apprentices, journeymen, and
masters. That is, the mentees are analogous to apprentices, who are new to a field of work
and learning to develop their expertise, while the mentors are parallel to journeymen,
who have acquired a level of expertise but still have to expand the expertise in order to be
deemed as masters. I argue this expertise distance between the near-peer mentors and
mentees will grant the mentors an ample knowledge base to aid the mentees as well as to
substantiate their status as vicarious models. Furthermore, this difference will also
heighten the mentees’ perceived similarity to the mentors and make the mentors/
behavioral models more comparable and emulatable. In addition to age and expertise, I
also define that the near-peer mentorship does not differ in its efficiency to affect the
mentees’ efficacy beliefs as a function of mentor-mentee genders.
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The Conceptual Near-Peer Mentoring
Model and its Configurations
Figure 1 illustrates the near-peer mentoring model and its configurations. The
pink-shaded boxes indicate the sources of self-efficacy, and the arrows pointing to them
indicate the sources the model targets. The blue-shaded boxes indicate the factors as
Bandura noted that influence the effects of enactive and vicarious experiences on self-

Figure 1. The near-peer mentoring model and configurations.
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efficacy expectations. The yellow-shaded boxes represent the operationalizations of the
targeted factors, which are the variables that the model intervenes on and controls (i.e.,
mentor verbal feedback, mentor affect toward CS and its practitioners, mentor age and
gender, and mentor expertise in programming). Specifically, the near-peer mentoring
model controls mentors’ personal attributes including age, gender, and CS attitudes via a
selection procedure. On deciding an applicant’s eligibility for being a mentor, age and CS
attitudes are weighted over other factors such as previous programming experience and
gender. In addition, the manipulation of mentors’ expertise and verbal feedback is
achieved through content training and pedagogical training respectively. In terms of
content training, mentors should be trained on the same concepts as the mentees will be.
Mentors’ mastery of these concepts is preferred but not necessary, because studies on
mastery and coping behaviors on self-efficacy (e.g., Bandura, 1997; Schunk & Hanson,
1985; Schunk et al., 1987) have found that a coping model was also able to increase the
observer’s self-efficacy. Furthermore, in addition to the general preferred mentoring
practices, the pedagogical training should also highlight the use of certain types of
feedback that as mentioned above is associated with self-efficacy.
In summary, while this near-peer mentoring model operates on enactive and
vicarious experience and verbal persuasion to enhance mentees’ self-efficacy, the
perceived similarity between mentors and mentees in age and expertise is an essential
premise to the model design. As discussed above, perceived similarity will reinforce the
personal relevance of comparing oneself to a model and, in return, increase the potency
of modeling effect on one’s self-efficacy. Furthermore, it is also advantageous to have
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both socially (as introduced by age) and competently (as introduced by expertise) similar
mentors from the perspective of a mentee’s enactive experience and perceived verbal
persuasion. The reasons are that perceived similarity can facilitate the mentees’ enactive
experience because of the credibility and relatability of the near-peer mentors as endorsed
by such similarity. By the same token, perceived similarity can also enhance the nearpeer mentors’ persuasive effect by adding credibility to their encouragement.
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CHAPTER III
METHODOLOGY
Refocused Purpose of Study
As mentioned in Chapter I, the present study bears three objectives: (a) to design
a conceptual mentoring model that operates on enactive and vicarious experience, and
verbal persuasion to increase mentees’ self-efficacy, (b) to develop a mentor training
model based on the conceptual model, and (c) to test the effectiveness of the training
model in raising self-efficacy. While Chapter II introduced the conceptual model, this
chapter focuses on testing the effectiveness of the training model that is derived from the
conceptual mentoring model. Therefore, the purpose of the present study is refined as (a)
to design a mentor training model based on the near-peer mentoring model; (b) to test the
efficacy of the training model in improving mentees’ self-efficacy in programming; (c) to
examine whether the proposed practices (i.e., mentor modeling, instructive feedback, and
verbal persuasion) predict mentees’ self-efficacy; (d) to explore mentees’ experience with
the training model.
In addition to the four primary goals, I also propose an additional question for
investigation. As there is empirical evidence suggesting that females and males are
different in their susceptibility to the influence of the four sources of self-efficacy (e.g.,
Usher & Pajares, 2008; Zeldin & Pajares, 2000), the present study also tests whether the
three practices (i.e., mentor modeling, instructive feedback, and encouragement) have
different effects on female and male mentees.
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The following section begins with the introduction of the training model, followed
by proposed research questions and a discussion of the methodological approach and
analytical strategies used to answer those questions. As a reminder, because the present
study is situated in the context of youth programming, the training model is thus
discussed within the scope of teaching programming in an informal environment (i.e., a
summer programming camp) and with a concentration on the procedures that prepare
near-peer mentors to deliver the enhanced sources of information (i.e., enactive and
vicarious experience, and verbal persuasion) that influence mentees’ efficacy beliefs.
Mentor Training Model
As configured in the conceptual model (see Figure 1), the mentor training model
features two activities associated with learning to program (i.e., content training) and
learning to mentor (i.e., mentoring training). During content training, mentors learn to
program the same apps as the campers do. However, mentors have longer contact hours
with programming (30 hours total, 6 hours/day) than campers (15 hours total, 3 hours/
day). In addition, the curriculum also includes free builds and daily challenges to deepen
mentors’ knowledge of the programming concepts (see Curriculum for more details).
Further, the mentoring training consists of five activities, one topic each day of the
training. Of the five activities, three are designed specifically in accordance with the three
practices as the conceptual near-peer model has identified as influencing self-efficacy.
Specifically, these activities aim to train mentors on how to model their attitude,
performance, and strategy and how to provide instructive feedback and encouragement.
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Details of these activities are discussed below.
Training of Modeling
This activity is designed to train mentors to model their attitudes, performance,
and strategies for their mentees. In order to do this, I designed a text featuring a fictional
character and her story of learning to code in MIT App Inventor 2, a block programming
language used in the present study. The text was written in the first-person point of view
and in a conversational style with the aim of mimicking a real-life scenario where a
mentor models for a mentee her positive attitude toward programming, persistence in the
face of difficulties, and strategies useful for programming and problem-solving.
Specifically, the text opened with the narrator’s view of programming (which is
analogous to problem solving) and her experience of mastering it. The text then extended
to focus on how to problem-solve erroneous programming scripts, accompanied with the
narrator’s comments on her strategies and tips on how to approach this type of activity.
The text closed with the narrator’s iteration of the value of learning to program. See
Appendix A for a copy of the text.
During training, mentors first read the text separately and then join their peers in a
guided discussion on (a) what information the text conveys, (b) purposes of the
information, and (c) its influence on their affect toward CS. Following the discussion is a
debriefing session to clarify the modeling strategies presented in the text. The discussion
and debriefing activity is not only instructional, but more importantly, is designed to call
and direct mentors’ attention to the presented modeling acts. According to Bandura
(1986, 1997), attention to a model’s behaviors is essential for the occurrence of vicarious
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modeling. In order for mentors to reproduce modeling in their own practices, a role play
activity is designed, where mentors rotate to model their attitude toward and performance
at programming for their peer mentors.
Training of Instructive Feedback
The purpose of this activity is to teach mentors how to structure their instructive
discourse around questions and feedback. Specifically, mentors are advised to use
questions as cues when they assist mentees. However, they are advised to use deep-levelreasoning questions (e.g., “What happens when…?,” “How does the…?,” and “Why is
the…?”) rather than shallow questions (e.g., “Did you do…?”), as research data indicate
the effectiveness of such questions in improving academic performance (Craig, Sullins,
Witherspoon, & Gholson, 2006; Gholson & Craig, 2006; Gholson et al., 2009). In
addition, as mentioned above, knowledge of the correct answer and explanations can
affect future performance (e.g., Gholson & Craig, 2006; Wang & Wu, 2008). As such,
following their questions, mentors are advised to always provide feedback to confirm the
correctness of mentees’ responses, provide the correct answer if they are incorrect, and
offer a detailed explanation if necessary.
The training of instructive feedback is delivered via a guided discussion activity
followed by a mini lecture. Mentors are first cued with a hypothetical scenario about
using questions to guide and assist a struggling mentee and then discuss in groups the
characteristic features of effective and ineffective questions. Following the discussion is a
mini lecture on how to frame instructive discourse around the “deep question + feedback”
structure.
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Training of Positive Feedback
This activity has two purposes: (a) to train mentors to provide positive feedback
throughout their interactions with the campers; (b) to train them to frame their
encouragement and praise with more targeted compliments highlighting mentees’
abilities, mastery, growth, achievement, and efforts in overcoming difficulties. Similar to
instructive feedback, the training of positive feedback is also facilitated by a discussion
activity and a mini lecture. Specifically, mentors discuss in pairs about examples of
positive and negative feedback as well as its influence on a learner’s affective attitude.
After the discussion activity ensues a lecture on how to frame positive feedback around
abilities, growth and progress, mastery and achievement, and efforts.
In addition to the three activities mentioned above, the mentors are also trained on
how to be relatable and approachable (see Aish, Asare, & Miskioglu, 2017; Allen, Day,
& Lentz, 2005; Clarke-Midura et al., 2018, for the importance of mentor/role model
relatability and approachability) and how to manage off-task behaviors. Table 1 shows
details of mentoring training activities, camp schedule, and associated objectives.
In addition to the training activities mentioned above, three measures were taken
to ensure training and procedural integrities in mentors’ mentoring practices.
1. A cheat sheet: Mentors are given a cheat sheet with tips on and examples for
modeling, instructive and motivational feedback (see Appendix B);
2. A checklist: Mentors have to complete a checklist every day throughout the
camp so that they can monitor their mentoring practices (see Appendix C);
3. Pre-camp briefings: There are daily pre-camp meetings throughout the camp
to go over the cheat sheet and checklist mentioned above. During the
meetings, I remind mentors to apply their trainings on modeling and
instructive and motivational feedback in their own mentoring practices.
See Figure 2 for a summary of the training model.
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Table 1
Summary of the Mentoring Training Activities and Associated Objectives
Day

Activity

Description

Objective

1

Video prompts
on
collaboration,
and guided
discussion and
role play on
modeling

Students watch two short videos of two students
(portrayed by two graduate students) working in
pairs debugging. The two videos contrast positive
and negative collaborative acts.
Students read a text about a fictional character
sharing her experience of learning to debug as well
as strategies for debugging, followed by a group
discussion and debriefing on the text. Students then
role play modeling for each other.
Group discussion on the collaboration videos centers
on (a) what respectful collaboration is and associated
practices; (b) how some of the practices/skills can be
translated into mentoring.

To introduce mentors to
strategies useful for (a)
communicating with mentees,
(b) nurturing mentees’ positive
collaborative behaviors, and (c)
modeling performance,
strategies and attitudes.

2

Group
discussion on
positive and
negative
mentor
qualities

Students reflect on their interactions with a good
mentor and a bad mentor and share their experiences
with group members. The group will then discuss
these experiences and summarize the qualities of
good and bad mentoring.

To raise mentors’ awareness of
positive and negative mentor
qualities; to highlight the
importance of personal warmth
through demonstrated qualities
such as being encouraging,
approachable and relatable.

3

Group
discussion and
lecture on how
to provide
instructive
feedback

Students are prompted by a scenario where they have
to assist a struggling mentee using questions.
Group discussions on what types of questions are
effective in promoting learning, followed by the
introduction of “deep questions + feedback” structure
to frame their instructive feedback.

To teach mentors not to give
away answers to mentees but to
use questions as cues. Also, to
introduce them to deep
questions and the importance of
providing feedback on mentees’
responses

4

Group
discussion on
mentee
behavior
management

Students discuss in groups on strategies useful for
managing mentees’ off-task behaviors

To introduce strategies for
motivating mentees and
maintaining their engagement in
tasks.

5

Pair discussion
and lecture on
positive and
negative
feedback and
how to frame
positive
feedback

Students work in pairs on two examples, one of
positive feedback and the other of negative feedback,
and share their examples with other students.
Students are then asked to categorize the exemplar
feedback to, for example, encouragement, praise, etc.
An additional task is to remind the mentors of how to
frame their positive feedback.

To raise students’ awareness of
framing their verbal feedback
positively; to highlight the
importance of encouragement.
In addition, to teach them to
frame their encouragement
around
abilities,
mastery,
growth,
achievement,
and
efforts
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Figure 2. A summary of the training model.
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Research Questions
In order to test the efficacy of the training model and the predicative relationships
between the proposed practices (i.e., mentor modeling, instructive feedback, and verbal
persuasion) and mentees’ self-efficacy in programming, I used the following research
questions.
1. Does mentees’ self-efficacy in programming increase after attending the
camp? Is there a difference in the post-camp self-efficacy as a function of
mentee gender?
2. Do the near-peer mentors’ act of modeling, instructive feedback, and verbal
persuasion predict mentees’ post-camp self-efficacy? Do we see differences in
these predictive relationships between female and male mentees?
3. How, if at all, do mentees describe their mentors’ modeling, instructive
feedback, and verbal persuasion?
Methods
Research Design
The present study embraces a pragmatistic or pluralist perspective that reality is
both singular in the sense that there may be one theory to explain the phenomenon under
investigation and also multiple so that it is imperative to investigate the varied individual
input into the phenomenon (Creswell & Plano Clark, 2018). Governed by this
perspective, self-efficacy can hence be viewed as an entity not only subject to the
influence of a general rule (i.e., four sources of information influence self-efficacy) but
also individually constructed due to personal variations in observing the rule (i.e.,
interpretations of the four sources of information vary across individuals and accordingly
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their influences on self-efficacy).
Directed by this pluralist standpoint and, more importantly, the purposes of the
present study, I reasoned that a mixed methods design that uses both quantitative and
qualitative approaches for the purposes of breadth and depth of understanding and
corroboration (Johnson, Onwuegbuzie, & Turner, 2007) was appropriate to address my
research questions regarding the general predictive relationships as well as individuals’
experiences. According to Johnson and Onwuegbuzie (2004), the merit of quantitative
approach consists in the generalizability of its findings to another population and/or
another setting; however, quantitative data based on researchers’ generated categories
and theories cannot capture local understandings of the phenomenon under investigation.
By contrast, qualitative approach is valued for its strengths in capturing emic or
individual’s viewpoint toward the phenomenon and deriving an in-depth understanding of
a complex phenomenon, while the weakness of qualitative approach is in the
transferability or generalizability of its findings. Therefore, combining the two methods
can offset the weakness of either approach and provide a fuller picture and deeper
understanding of the phenomenon than either method alone (Creswell, 2014; Creswell &
Plano Clark, 2018; Johnson & Onwuegbuzie, 2004; Maxwell & Mittapalli, 2010).
Specifically, this study employed a mixed methods approach following an
embedded design (Creswell, 2014; Creswell & Plano Clark, 2018). In this design,
quantitative and qualitative data were collected simultaneously but independently—
collection of one type of data did not decide collection of the other type of data as in
sequential designs. Analyses of the quantitative and qualitative data proceeded also
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independently, but the two methods were mixed to interpret the findings.
In addition, the primary data source was the quantitative data that sought to test
the predictive relationships between the proposed mentoring practices and mentees’ selfefficacy. The qualitative data set that explored individual mentees’ experiences with the
mentoring practices played a secondary and supporting role in this design. Despite its
secondary role, the qualitative data were crucial to this design and bore the dual roles of
corroborating and complementing the quantitative findings (Greene, Carcelli, & Graham,
1989). For example, an investigation of local experiences with the mentoring model
could provide convergence to the quantitative findings. Furthermore, the qualitative data
could also garner insights that were not captured by the close-ended quantitative
measures so as to expand the quantitative findings.
As to the quantitative portion, the study used a repeated measures
nonexperimental design, that is, participants (i.e., mentees) completed a measure of selfefficacy (i.e., the outcome variable) before and after the camp. The reason for adopting a
repeated measures design was to record the baseline data for the purpose of accounting
for the initial variability in mentees’ self-efficacy scores. In addition, the predictor
variables used in the quantitative analysis included mentors’ act of modeling, instructive
feedback, and verbal persuasion and were collected in the post-camp survey. On the other
hand, qualitative data in respect to mentees’ perceptions of mentors’ practices of interest
were collected during the camp using a semi-structured interview protocol. The interview
protocol was framed around the proposed mentoring practices and their influences on
mentees’ self-efficacy. In addition, the interview protocol was pre-decided to maintain
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the conversation’s focus on the topics of interest, while the open-endedness of the
questions was to allow individual perspectives and experiences to emerge (Patton, 2001).
Figure 3 illustrates design of the study.

Figure 3. A summary of research design.

Variables of Interest and Specification
Perceived similarity. The near-peer mentoring model defined perceived
similarity in respect to age and programming expertise. According to this definition of
near-peers, near-peer mentors were proximal in age to and slightly higher in
programming expertise than the mentees. In order to ensure age proximity, only highschool aged students were selected to serve as mentors. In addition, expertise proximity
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was achieved via mentor training. The purpose of enforcing the similarities in age and
expertise was grounded on the premise that perceived similarity would moderate the
effect of mentor modeling and benefits mentors’ instructive feedback and verbal
encouragement.
Modeling. The near-peer mentoring model primarily (but not exclusively) utilized
two types of modeling: attitudinal and performance modeling, whose definitions are
discussed in the following section. It should be noted that the two types of modeling are
defined in the context of mentoring programming. First, attitudinal modeling occurs
when the mentors articulate their determination at programming and belief that learning
to programming is surmountable and achievable. According to Bandura (1997), the
undaunted attitude the models demonstrate in the face of difficulties can foster the
observers’ persistence and impart a high sense of self-efficacy to the observers in
confronting the obstacles. Second, performance modeling refers to the models’
demonstration of the programming process as well as effective skills and coping
strategies to overcome the impasses in the course of programming. In line with the
proposition on vicarious influence, watching similar others perform a task can increase
the observers’ beliefs in their own abilities in executing the same task. Also, acquisition
of effective means to manage a task can raise self-efficacy (Bandura, 1997). Specifically,
the near-peer mentors were trained to model their attitudes and performance modeling
(see Mentor Training). Also, learning activities were accommodated to facilitate
modeling.
Verbal feedback. Based on their functions, this study categorizes feedback into
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two primary types: instructive and motivational. Instructive feedback refers to all the
verbal feedback that serves the purpose of problem-solving, content instruction, and
performance or achievement assessment. As discussed previously, this type of feedback
is to enhance enactive experience. Motivational feedback, aligned to social persuasion,
refers to the verbal messages that mentors convey to encourage or discourage the
mentees’ engaging behaviors in programming. In a similar vein to modeling, mentors
were trained with a focus on how to frame their instructive and motivational feedback.
Setting of Study
The training model was implemented and tested in the context of a summer App
coding camp, which was held on the campus of a middle-sized university in the
Intermountain West. Three camps, one mentor training camp and two coding camps,
participated in the present study. The mentor training camp was held one week prior to
the App camps, where mentors learned to program and also took a training on how to
mentor based the training model. They then came back to mentor the App camps (3
hours/day, 15 hours total; one mentor mentored two camps). The mentors were required
to practice the training model during the coding camps.
Middle-school-aged campers learned to program mobile phone apps during the
coding camps, while mentors were present to offer help. Specifically, campers learned to
program eleven apps on the project-provided Android phones. The apps were built upon
each other and proceeded in complexity and difficulty (see Appendix D for the list of
apps, their descriptions, and associated programming concepts). Instructions of the apps
were presented in the format of text-based tutorials developed by the research team. The
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tutorials were housed on Canvas, a learning management system (LMS), so that campers
could control their learning pace. The tutorials listed all the necessary steps and required
components to create the apps, however, with the omissions of final solutions to promote
campers’ originality in designing their own apps. See Appendix E for a sample of the
tutorials.
The coding camps were held in an on-campus computer laboratory so that
campers had access to the online tutorials and also the space could allow mentor-camper
and camper-camper interactions. Additionally, the two camps were held in the same week
of June, 2019, but one in the mornings and the other in the afternoons. Campers were first
divided to two groups, which were then randomly assigned to camps; mentors were
assigned to camps based on their availability and then were randomly assigned to
campers. See the Participants section for details on mentor and camper assignments. All
the camps including the mentoring training camp were 1-week long but differed in the
total contact hours with coding as mentioned previously (i.e., 30 hours total for mentors
vs. 15 hours for campers).
Model Implementation
Foci of the training model were on near-peer mentors’ act of modeling, instructive
feedback, and verbal persuasion. In the following, I describe how these practices were
incorporated into camp activities and executed in the mentors’ practices. Of note,
although there were undoubtedly variations in mentors’ actual executions of the training
model, however, the purpose of this section is to paint a general picture for the audience
about how mentors were advised to implement the training model during the camp.
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The coding camps featured four primary activities: debugging, coding, app
previews, and app assessments. Modeling was incorporated into debugging and app
previews. The latter activity was specifically designed to accommodate mentor modeling.
It should be noted that mentors’ modeling acts were not limited to only these activities,
but debugging and app previews were the two primary venues modeling occurred.
Specifically, as there was no debugging activity on Day 1, mentors were required to
model the Day 2 and Day 3 debugging tasks to set an example of how to approach the
activity. To do this, mentors were asked to demonstrate the process of problem-solving
the erroneous scripts and meanwhile articulate their strategies or tips on their approach to
debugging. They were also advised to share their thoughts and attitudes toward
debugging and coding. Additionally, prior to each new app, mentors had to share with the
mentees the same app they had programmed in the mentor training camp. While sharing
the apps, mentors were advised to voice the challenges they had encountered, their
persistence in the course of programming the app, and how they overcame the challenges.
While interacting with campers, mentors were advised to use the “deep question +
feedback” strategy to frame their instructive feedback and to voice their encouragement
and compliment. In addition, app assessments provided a formal occasion to
accommodate mentors’ instruction and encouragement. The purpose of these assessments
was to test campers’ mastery of the programming concepts associated with each app they
just completed. The assessments developed by the research team were written as
questions and stored in Qualtrics, an online survey platform. To conduct the assessments,
mentors had to first install an app on their phones that linked to the assessment surveys.
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Further, mentors were required to conduct one-on-one assessment for all campers and
completed apps. During the assessments, mentors read the questions to the campers and
decided the correctness of their responses. It was advised that mentors inform campers of
how they did at the end of each assessment and explain those they missed while being
encouraging and positive.
In addition, I also asked mentors to leave some motivational messages on the
mentees’ desks each day before campers arrived to complement their abilities, progress,
or achievement. They could also write to encourage mentees to continue their efforts.
Figure 4 illustrates how modeling, instructive feedback, and verbal persuasion were
incorporated into camp activities.

Figure 4. Incorporation of modeling, instructive feedback, and verbal persuasion into
camp activities.
In addition, as mentioned above, I provided a checklist and cheat sheet for all the
mentors to monitor and help their mentoring practices. Table 2 summarizes the
expectations for mentors about how they were to exercise the three practices and the
accompanying materials to aide them.
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Table 2
Summary of Model Implementation, Expectations for Mentors, and Accompanying
Materials
Mentoring
practice

Expectation and implementation

Accompanying
materials

Modeling

Optional: Mentors were advised to provide attitude, performance,
and strategy modeling as frequently as possible during the camp.
Required: Mentors were asked to model for their mentees Day 2
and Day 3 debugging activities and also model their attitudes (e.g.,
importance and value of programming, persistence in the face of
difficulty) while sharing their apps.

Cheat sheet,
and checklist

Instructive
feedback

Optional: Same as above: Use the “deep question + feedback”
strategy to structure their feedback as frequently as possible.
Required: During app assessments, mentors were asked to provide
feedback on the correctness of mentees’ responses to each
question. If wrong or partially correct, tell what the correct answer
is. If necessary, explain why.

Cheat sheet and
check list

Encouragement

Optional: Same as above. Use as frequently as possible.
Required: Leave mentees written notes framed around those
aspects mentioned above starting Day 2.

Cheat sheet and
check list

Participants
Mentors. As mentioned previously, in order to maintain age similarity, we only
employed high-school-aged students to be mentors. A multitude of strategies were used
to recruit the mentors. For example, the research team contacted former mentors for
referral and former mentor applicants who were not hired previously. We also contacted
local schools and school district superintendents and used online and local media such
Facebook and local magazines to disseminate the information about the coding camps.
Mentors were hired based on their responses to an online application survey and a phone
interview in regard to why they wanted to be a mentor. Each mentor received a stipend of
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$200 for completing mentor training and mentoring one coding camp.
Nine mentors were hired for the coding camps, five females and four males. Their
ages ranged from 14 to 17 years old (average age = 15). No one was of Hispanic or
Latino origin. Racial makeup included 33% Asian (n = 3) and 67% White (n = 6). Thirtythree percent of the mentors reported being on free or reduced lunch. Mentors were
randomly assigned to camps and campers. However, mentors were allowed to roam and
help campers not in their group. Due to mentor shortage, one male mentor was invited to
mentor both camps. The mentor-mentee ratio was approximately 1:5.
Campers. First and foremost, the coding camps targeted middle-school-aged
youths, as studies showed that middle school is a critical juncture when adolescents make
choices of future academic and career interests in computer science and STEM (Baker et
al., 2006; Sadler, Sonnert, Hazari, & Tai, 2012). Miliszewska and Sztendur (2010) found
that grade level was negatively correlated to middle and high school girls’ interest in ICT
(information and communication technology) careers. In other words, girls in lower
grades were more likely to consider ICT as a potential career. Given the empirical
evidence, targeting youth of younger age is crucial in the sense of recruitment because
the exposure experience might be more impactful for middle-school-aged students in
changing their affect toward CS than for high-school-aged or older students.
Campers in this study were from a state-wide outreach project that partnered with
schools of at least 50% of enrolled students eligible for free or reduced lunch, and that
prepared their students for college awareness and readiness. The campers were recruited
by their school teachers and counselors to participate in the summer programs hosted by
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the outreach project, of which the coding camp was a part. The outreach personnel
divided the campers into two groups and two groups had approximately same numbers of
females and males. The two groups were then assigned by the outreach project to the two
coding camps.
Forty-five students attended the camps and 44 agreed to participate in the study
(20 females and 24 males). They ranged in age from 12 to 15 years old (average age =
13). Twenty-five percent were of Hispanic or Latin origin. Racial makeup included 6.8%
Asian (n = 3), 2.3% Native American/Pacific Islander (n = 1), 84.1% White (n = 37),
4.5% Multi-racial (n = 2), and 2.3% Other (n = 1). Fifty-seven percent of the campers
reported to be on free or reduced lunch. None of the campers had attended the coding
camp before.
Data Collection and Materials
Quantitative Data
Campers completed a pre-survey and post-survey on the first and last day of the
camp respectively. The pre-survey consisted of one section about campers’ background
information and another section measuring their programming self-efficacy. In addition
to self-efficacy, the post-survey also measured campers’ perceptions of mentors’
mentoring practices including modeling acts, instructive feedback, and verbal persuasion
as well as perceived similarity.
The self-efficacy scale had three items and was adapted from the FennemaSherman Mathematics Self-Efficacy Scales (Fennema & Sherman, 1976). Due to the lack
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of alike measures in the literature, I devised the mentoring practice measures, each scale
containing three to eight items. A copy of the surveys can be found in Appendix F. All
the scales except for the competence similarity measure (i.e., one item) were written in an
eight-point Likert scale, with response options ranging from (1) Strongly Disagree to (8)
Strongly Agree. The competence similarity measure was on a 5-point scale, asking
campers to rate their program skills relative to their mentors. The response options were
(1) Much Worse, (3) The Same, and (5) Much Better. The surveys were delivered by
Qualtrics, an online survey platform. One camper left the camp midway through the
camp and did not complete the post-survey.
Qualitative Data
On Day 4 and Day 5, campers were invited to participate in a one-on-one
interview regarding their camp experience, in particular experience with mentors. The
interviews lasted about 10 minutes and were conducted in a separate room from the
computer lab where the camp was located. At the beginning of the interviews, the
interviewees were assured of the confidentiality of their responses and I also offered to
clarify the purpose of the interview if they had questions. The interviews were guided by
a semi-structured interview protocol (see Appendix G). Specifically, the interviewees
were prompted by a general question such as “What do you think of the camp so far?”
and then their initial responses were further probed to invite detailed and thoughtful
recounts of their experiences. All the interviews were audiotaped and later transcribed
verbatim.
I used a cluster sampling strategy to select the interviewees. As campers were
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clustered around mentors, campers of each mentor were thus randomly selected and each
mentor had at least one representative camper in the sample pool. In doing so, I aimed to
expand the scope of my investigation to all the mentors in regard to how they exercised
the near-peer mentoring model and the impacts of their practices on campers’ selfefficacy. Of 44, I interviewed 31 campers. The remaining campers were not interviewed
due to limited time. Table 3 presents the breakdown of the interviewees.
Table 3
Breakdown of the Interviewees by Camp Session and Gender
Camp

Female

Male

Total

AM session

7

6

13

PM session

8

10

18

Total

15

16

31

Quantitative Analysis
Quantitative and qualitative data were analyzed independently and accordingly,
the analytical processes were presented separately and in a sequence in line with my
research questions. Of note, the quantitative analysis proceeded as a multi-step and
sometimes cyclic process, and only the primary analyses were discussed in the following
section to show how and why the analytical decisions were derived. One camper only
completed the presurvey and was thus removed from the following analyses.
Aggregating Data
After cleaning the data, independent sample t tests were administered on post self-
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efficacy, mentors’ act of modeling, instructive feedback, and verbal persuasion at both
item and scale levels to check for possible camp differences. Results of the t tests showed
that there were no significant between-group differences in these constructs, item- and
scale-wise, ps > .05. As such, data of the two camps were aggregated for further analysis.
Reliability Analyses on Mentoring Measures
As mentioned above, I developed the mentoring scales used in this study because
there were not any existing measures (i.e., modeling, instructive feedback, and verbal
persuasion). Thus, I conducted analyses to measure their psychometric properties, in
particular, to ensure the scales were each measuring one latent construct and were
reliable. In order to do this, the same measures were applied to a similar sample of 92
middle-school-aged students. The test sample were recruited from a similar population as
the sample in the present study to also participate in a coding camp. This other camp and
the present camp were parallel in regard to curriculum, camp structure, activities, and
personnel. The only difference between the two camps was in the intensities of those
measured mentoring practices. Take modeling as an example. There might be more
instances of intentional modeling in the present camp than the other camp because
mentors in the present camp were explicitly trained and also advised to model their
behaviors and attitudes. This difference had important implications for deciding the
approach to testing the measures’ psychometrics, which are discussed below.
I adopted the confirmatory factor analysis (CFA) approach to test the
dimensionalities and reliabilities of the mentoring measures, as scholars (e.g., Cho &
Kim, 2015; Yang & Green, 2011) suggested that structural equation modeling (SEM)
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produces more accurate reliability estimation. In the following I first discuss the
theoretical reasons for choosing CFA over the conventional method such as Cronbach’s
alpha for reliability test, then followed by a discussion of the technical details of how I
specified the CFA models.
Using Cronbach’s alpha as a reliability index is ubiquitous in literature. However,
Cronbach’s alpha is not always an accurate reflection of the reliability of the population
(Miller, 1995; Streiner, 2003; Tavakol & Dennick, 2011; Vaske, Beaman, & Sponarski,
2017). According to Classical Test Theory (CTT), which assumes that observed scores
(X) are composed of a true score (Τ, tau) and error (E), or X = Τ + E, Cronbach’s alpha
has to meet the (essential) tau-equivalency assumptions that (a) all the items have one
true score, which equally contributes to all items (i.e., equal loadings) and (b) for
essential models, the true scores of items only differ by a constant (i.e., an intercept). If
these assumptions are violated, Cronbach’s alpha is only the lower bound of true
reliability (Agbo, 2010; Miller, 1995; Raykov, 1997; Y. Yang & Green, 2011). As such,
using the CFA approach was able to test these assumptions and also calculate both item
and scale reliabilities, which was more informative than the if-item-deleted approach and
thus more helpful for identifying and/or eliminating items that raised concerns. Another
factor that renders Cronbach’s alpha a less ideal reliability estimate is its relationship to
scale length, that is, simply adding more items to a scale, even if the items are not
internally consistent, can attain higher Cronbach’s alpha (Cortina, 1993; Streiner, 2003).
The CFA models were fit to the measures of mentor modeling, instructive
feedback, and verbal persuasion following a multigroup design, namely, the present
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sample vs. the test sample. As mentioned above, although the two samples were from
similar populations, however mentors’ practices between the two camps might be
different. Thus, it was legitimate to assume that the two samples had different true scores
on those measures. Moreover, another reason for employing the multigroup design was
that instead of a composite reliability for both samples, the reliability for each sample
would be estimated. A third advantage (and also an essential step of multigroup CFAs)
was that a multigroup design was able to test the measures’ measurement invariance or
measurement equivalence (MI/E) across the two samples, an indication of the measures’
consistency across populations and settings. In other words, measurement invariance
evaluates whether the interpretation of a measure is consistent for different groups of
people and/or under different conditions (Byrne, Shavelson, & Muthén, 1989; Drasgow,
1984; Meredith, 1993). There are four levels of measurement invariance: configural
invariance, weak factorial or metric invariance, strong factorial or scalar invariance, and
strict invariance (Widaman & Reise, 1997). Scalar invariance (i.e., identical latent
structures across measures, same loadings to items, and same item intercepts) was the
recommended benchmark for measurement invariance (Vandenberg & Lance, 2000).
I started with the tau-congeneric model—the least restrictive CTT model. In
addition to the fundamental assumption about the composition of observed scores, a
congeneric model also assumes that a common true score loads to the items differently
(as opposed to equal loadings in the tau-equivalency models) and items may show
different levels of difficulty/easiness (i.e., different intercepts). As the analysis
proceeded, I added more constraints, such as fixing loadings and/or intercepts to be equal
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across items, to previous models that showed goodness of fit in the expectation of
attaining parsimonious models. It should be noted that parsimony herein was not used in
the predictive sense that a model contained the least number of predictors but rather it
referred to the most restrictions/assumptions (e.g., equal loadings or equal error
variances) that could be applied to the observed data. As discussed above, checking these
assumptions was critical in deciding the method of calculating a scale’s composite
reliability.
In order to compare the nested models and identify the most parsimonious one, I
used chi-square difference tests. Of note, as the robust maximum likelihood estimator
was used (due to non-normality), the chi-square statistics were calculated using the
Satorra-Bentler (Satorra & Bentler, 2010) method.
Results of instructive feedback models. The instructive feedback measure
contained three items and the item descriptive statistics for the test and present samples
are presented in Table 4. I fit to the instructive feedback data four sets of multigroup CFA
models: tau-equivalence model, essential tau-equivalence model, essentially parallel
model, and tau-congeneric model. As a reminder, the models vary in assumptions about
the observed scores (i.e., factor loadings, intercepts, and error variances) and require
different methods to calculate a scale’s composite reliability.
All four models extracted one factor and fit the data fairly well (see Table 5).
However, model fit indices (e.g., RMSEA and SRMR) of the tau-equivalence model were
worse than the other three models, while the indices of the essential tau-equivalence
model, essentially parallel model, and tau-congeneric model were very close except that
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Table 4
Item Descriptive Statistics of Instructive Feedback, Verbal Persuasion, and Performance
and Attitudinal Modeling for the Test and Present Samples (Ntest = 92, Npresent = 43)
Test sample
─────────────
Measure

Present sample
────────────

M(SD)

Median

M(SD)

Median

My mentor gave detailed explanations about the
concepts when I needed help with programming.

6.93(1.43)

7.00

6.93(1.77)

8.00

My mentor encouraged me to think through the
problem when I needed help with programming.

7.02(1.41)

8.00

6.81(1.68)

7.00

When I needed help with programming my
mentor provided me with hints at the solution.

7.16(1.29)

8.00

7.07(1.40)

8.00

My mentor encouraged me to program.

7.23(1.32)

8.00

6.93(1.93)

8.00

My mentor is supportive of me programming.

7.42(1.20)

8.00

7.16(1.25)

8.00

My mentor speaks fondly of my programming
skills.

7.20(1.33)

8.00

6.81(1.76)

8.00

My mentor encouraged me by praising my
programming skills.

6.91(1.50)

7.00

6.65(1.72)

7.00

I noticed useful skills about programming from
watching my mentor program.

6.73(1.51)

7.00

6.47(2.00)

7.00

I picked up tips on how to solve programming
problems from watching my mentor.

6.78(1.63)

7.00

6.81(1.82)

7.00

I have a better understanding of programming
from watching my mentor.

6.84(1.76)

8.00

6.93(1.62)

8.00

My mentor inspired me to keep going even when
programming got hard.

7.07(1.29)

8.00

6.70(2.13)

8.00

My mentor inspired me to keep trying even when
I felt like quitting.

6.96(1.47)

8.00

6.86(1.89)

8.00

My mentor inspired me even when programming
was difficult.

7.12(1.37)

8.00

6.84(1.75)

8.00

I think my mentors will keep programming even
when it is challenging.

7.53(.85)

8.00

7.19(1.47)

8.00

I think my mentor will keep trying even when
they struggle with a program.

7.46(.86)

8.00

7.16(1.23)

8.00

Instructive feedback

Verbal persuasion

Performance modeling

Attitudinal modeling
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Table 5
Results of Multigroup CFAs on Instructive Feedback Using Tau-Equivalence, Essential
Tau-Equivalence, Essentially Parallel, and Tau-Congeneric Models
Model fit
index
Scaled χ2 (df)
p-value
CFI
TLI
RMSEA
SRMR

Tau-equivalence
9.75 (8)
.28
.98
.98
.06
.06

Essential tauequivalence
4.64 (6)
.59
1.00
1.02
.00
.05

Essentially
parallel
5.57 (11)
.90
1.00
1.04
.00
.09

Tau-congeneric
2.60 (4)
.63
1.00
1.03
.00
.04

Note. Tau-equivalence models assume that the latent true score loads to each item equally (i.e., equal
loadings) and items have equal means (i.e., no intercepts). Essential tau-equivalence models assume equal
loadings but items differ by additive constant(s) (i.e., presence of intercepts). Essentially parallel models
build on essential tau-equivalence models and have an additional assumption about equal error variances
across items. Tau-congeneric models assume unequal loadings across items.

the essentially parallel model had the highest SRMR value among the four models. The
Satorra-Bentler scaled chi-square difference test showed that the essential tauequivalence model did not fit the instructive feedback data worse than the tau-congeneric
model, T(2) = 2.20, p = .334. Therefore, the essential tau-equivalence model was selected
to best fit the data. In addition, all the loadings were significant, ps < .001 and substantial,
standardized coefficient λs > .79.
As the data met the essential tau-equivalence assumption, the composite
reliability of instructive feedback in the present sample, which was calculated using
Cronbach’s alpha, was .88.
Results of verbal persuasion models. I fit the same models to verbal persuasion
(four items; see Table 4) but stopped after essential tau-equivalence model (i.e., tauequivalence and essentially parallel models were not tested), because the model fit got
worse with more constraints added to the model. Results of the essential tau-equivalence
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model showed that the model did not fit the data quite well as multiple model fit indices
suggested, CFI = .95, TLI = .95, RMSEA = .10, and SRMR = .10. The congeneric model
was acceptable, scaled χ2 (10) = 14.09, p = .17, CFI = .97, TLI = .97, RMSEA = .08, and
SRMR = .06 (see Table 6). Examination of the tau-congeneric model indicated that the
item “My mentor encouraged me to program” might contribute to the misfit of the model.
Despite significant, the latent true score of the present sample did not load to this item as
substantially as to the other three items, standardized coefficient λ = .65 versus the other
λs > .84. In addition, the error variance of the item (.58) was also lager than those of the
remaining items (<. 29), suggesting that this item had much lower item reliability.
Nevertheless, given the small sample size, this item was kept to preserve the measure’s
variability.
Table 6
Results of Multigroup CFAs on Verbal Persuasion Using Essential Tau-Equivalence and
Tau-Congeneric Models
Tau-equivalence

Essential tauequivalence

Essentially parallel

Tau-congeneric

Scaled χ2 (df)

-

21.38 (13)

-

14.09 (10)

p-value

-

.07

-

.17

CFI

-

.95

-

.97

TLI

-

.95

-

.97

RMSEA

-

.10

-

.08

Model fit index

SRMR
.10
Note. Tau-equivalence and essentially parallel models were not fit to verbal persuasion.

.06

As the data did not meet the essential tau-equivalence assumption, McDonald’s
omega (McDonald, 1978) was used to calculate the composite reliability of verbal
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persuasion for the present sample, ω = .88.
Results of modeling models. As the modeling scale was designed to measure
performance and attitudinal modeling, three and five items respectively, I conducted
exploratory factor analyses (EFAs) prior to CFA to examine the scale’s factorial
structure. The analyses were first administered to the combined sample and then tested on
each sample separately. Final results suggested a bifactorial solution after removing one
item, “I think my mentors will keep programming even when it is challenging.” For the
final scale, “I noticed useful skills about programming from watching my mentor
program” and “I picked up tips on how to solve programming problems from watching
my mentor” collapsed to one factor measuring performance modeling; the rest five items
collapsed to another factor measuring attitudinal modeling.
Multigroup CFAs were then administered to check if the data met the CTT
assumptions. The analysis was first fit to the full items (minus the dropped item) using a
bifactorial model. However, the model was not identified. As such, I took a parceling
strategy, that is, dividing the modeling scale into two subscales measuring performance
and attitudinal modeling, respectively (Rae, 2008). I then administered two sets of CFA
models to the two subscales separately. As the performance modeling scale only
contained two items, tau-congeneric model could not be identified. In other words, tauequivalence and essential tau-equivalence, and essentially parallel models were tested.
Table 7 presents the model fit information of the three models. A chi-square difference
test was conducted between the tau-equivalence and essential tau-equivalence model
because the two models had similar model fit indices. Additionally, the essentially
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parallel model did not fit the data as well as the other two models. Results of the chisquare difference test showed that tau-equivalence model did not fit worse than essential
tau-equivalence model, T(1) = .79, p = .373. Although it did not influence how the
composite reliability was calculated, this finding suggested that the two performance
modeling items did not differ in difficulty level.
Table 7
Multigroup CFAs on Performance Modeling Using Tau-Equivalence, Essential TauEquivalence and Essentially Parallel Models
Model fit index
Scaled χ2 (df)
p-value
CFI
TLI
RMSEA
SRMR

Tau-equivalence
1.66 (2)
.44
1.00
1.01
.00
.04

Essential tau-equivalence
.86 (1)
.35
1.00
1.01
.00
.02

Essentially parallel
4.10 (4)
.39
1.00
1.00
.02
.07

Tau-congeneric
-

Essential tau-equivalence and tau-congeneric models were fit to attitudinal
modeling. Only congeneric model fit the data, scaled χ2 (18) = 18.91, p = .398, while
essential tau-equivalence model did not fit the data, scaled χ2 (22) = 75.60, p < .001.
Other model fit information is presented in Table 8. Results of the congeneric model for
the present sample showed that the correlation between the latent true score and “I think
my mentor will keep trying even when they struggle with a program” was not as strong as
with the rest items, .65 versus greater than .77.
For the present sample, the composite reliability of the performance modeling
subscale was Cronbach’s α = .69 while the composite reliability of the attitudinal model
subscale was McDonald’s ω = .94. As the literature on reliability of multidimensional
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Table 8
Multigroup CFAs on Attitudinal Modeling Using Essential Tau-Equivalence and TauCongeneric Models
Model fit
index

Tau-equivalence

Essential tauequivalence

Essentially
parallel

Tau-congeneric

Scaled χ2 (df)

-

75.60 (22)

-

18.91 (18)

p-value

-

.00

-

.40

CFI

-

.81

-

1.00

TLI

-

.83

-

1.00

RMSEA

-

.19

-

.03

SRMR

-

.46

-

.08

scales suggested (e.g., He, 2010; Kamata, Turhan, & Darandari, 2003; Rae, 2008), I
combined the subscales of performance and attitudinal modeling and calculated its
composite reliability using stratified alpha (Cronbach, Schönemann, & McKie, 1965;
Feldt & Brennan, 1989), which was .98 (in contrast to .94 using Cronbach’s alpha).
Summary of findings. In this section, I used exploratory and confirmatory factor
analyses (E/CFAs) to examine the psychometric properties of the mentoring measures I
designed for the present study. Results of multigroup CFAs provided evidence about the
measures’ consistence, dimensions, and reliabilities. Specifically, all the measures
including instructive feedback, verbal persuasion, and modeling demonstrated
measurement invariance across the two samples, meaning that students under the two
conditions interpreted the measures consistently. Additionally, instructive feedback and
verbal persuasion were unidimensional, while, as expected, modeling contained two
subscales measuring two aspects of the construct: performance modeling and attitudinal
modeling. All the measures indicated high reliability in the present sample. Using
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different reliability indices, instructive feedback and verbal persuasion recorded a
reliability of .88. Although performance model had a comparatively lower reliability
of .69 in contrast to .94 of attitudinal modeling, however, the composite reliability of the
modeling measuring was highly reliable, Stratified α = .98. As such, the two subscales
were combined as one modeling scale in the following analysis.
Reliability Analysis on Self-Efficacy
As mentioned previously, the self-efficacy scale was adapted from established
measures and also had been used in a larger project since 2016. Results from previous
years had consistently shown the unidimensionality and high reliability of this scale (see
Clarke-Midura et al., 2018; Clarke-Midura, Sun, Pantic, Poole, & Allan, 2019).
Therefore, I did not fit CTT models to the self-efficacy scale to check its reliability.
Rather, I conducted exploratory factor analysis and confirmed that both pre- and postself-efficacy were unidimensional. I then proceeded to test their internal consistency
using Cronbach’s alpha. Although as discussed previously it might not be the most
appropriate reliability index, it could provide at least the lower bounds of how
(un)reliable the scales were. The alpha coefficients of pre- and post-self-efficacy were .87
and .91, respectively, suggesting the pre- and post-self-efficacy scales were highly
reliable.
Preliminary Analysis
I computed the composite mean scores for pre- and post-self-efficacy, modeling,
instructive feedback, and verbal persuasion by averaging the item scores. A pairwise
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correlational analysis was then conducted on the composite means of post-self-efficacy,
modeling, instructive feedback, and verbal persuasion. As can be seen in Table 9, postself-efficacy was significantly and strongly correlated to modeling, instructive feedback,
and verbal persuasion, ρs > .36, ps < .05, suggesting the potentials of these mentoring
variables as predictors of post-self-efficacy. However, the mentoring variables were also
highly correlated with one another, ρs > .89, suggesting a high likelihood of
multicollinearity. Collinearity test showed that modeling and verbal persuasion had very
high variance inflation factor (VIF) values, VIFmodeling = 19.22 and VIFpersuasion = 18.91,
while instructive feedback also had a high VIF = 5.18. Because the existence of
multicollinearity made the data unanalyzable using the conventional multiple regression
technique, another statistical technique was then adopted to investigate the predictive
relationships between self-efficacy and the mentoring variables, which is discussed in the
following section.
Table 9
Pairwise Correlations between Post-Self-Efficacy, Modeling, Instructive Feedback, and
Verbal Persuasion (N = 43)
Variable
Modeling
Instructive feedback
Verbal persuasion
*p < .05.
**p < .001.

Post-self-efficacy
.36*
.38*
.41**

Modeling
.89**
.97**

Instructive feedback
.89**

Primary Analysis
In order to answer RQ1 “Does mentees’ self-efficacy in programming increase
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after attending the camp? Is there a difference in the post-camp self-efficacy as a function
of mentee gender?” I conducted a paired-sample t-test and a regression analysis using
post-self-efficacy as the outcome variable, camper gender as the predictor variable, and
pre-self-efficacy as the covariate.
In order to answer RQ2 “Do the near-peer mentors’ act of modeling, instructive
feedback, and verbal persuasion predict mentees’ post-camp self-efficacy? Do we see
differences in these predictive relationships between female and male mentees?,” I used
regularized regression, a machine learning technique that purposefully introduces bias to
reduce the estimators’ variance by constraining or shrinking some coefficients to 0
(Helwig, 2017; McNeish, 2015; Yarkoni & Westfall, 2017). The primary reason to
choose regularization over the conventional regression method was the former’s potential
to solve the unsolvable in conventional regression, where the predictors were highly
correlated, namely, the presence of multicollinearity (Blalock, 1963; Melkumova &
Shatskikh, 2017; Slinker & Glantz, 1985). Another advantage of using the regularization
method is in its prediction accuracy. As well documented in literature, regression
methods using the ordinary least squares (OLS) estimate usually overfit the data when the
sample size is small or moderate (Helwig, 2017; Tibshirani, 2016; Yarkoni & Westfall,
2017). As such, the result of an overfit model is not stable and cannot generalize to other
samples. On the other hand, regularized regressions are less susceptible to small changes
in the data and thus its result is more accurate and generalizable to different samples from
the same population (McNeish, 2015).
There are three commonly used regularization methods: Ridge regression (Hoerl
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& Kennard, 1970), Lasso (least absolute shrinkage and selection operator; Tibshirani,
2016), and elastic net (Zou & Hastie, 2005). Briefly, Ridge regression adds a penalty
parameter, λ, to shrink the magnitudes of some coefficients. While Ridge regression is
useful for reducing multicollinearity among predictors, it does not constrain any
coefficient to zero, making it difficult to interpret the results (Tibshirani, 2016). Similar
to Ridge regression, Lasso regression also penalizes the parameter coefficients to reduce
variance. However, different from Ridge regression, which uses the squared coefficients,
Lasso instead uses the absolute value of parameters. As such, Lasso is able to force some
coefficients to be 0 (while Ridge can only shrink some coefficients to where they are
infinitely close to 0). By doing so, Lasso regression penalty is useful for predictor
selection especially when there are a large number of them. Nonetheless, the drawback of
Lasso penalty is that when two predictors are highly correlated, it arbitrarily picks one
and removes the other from model estimation (Zou & Hastie, 2005). Given this, Zou and
Hastie proposed the elastic net method, which combines Ridge and Lasso, balances the
strengths of the two techniques, and integrates both penalties into its estimation. In doing
so, the elastic net method can select the most important predictors while grouping the
others that are highly correlated. Therefore, I used the elastic net in this study to test the
predictive relationships between the proposed mentoring practices and campers’ selfefficacy.
Specifically, I fit two elastic net models. Model 1 was to test the main effects of
modeling, instructive feedback, and verbal persuasion on post-self-efficacy with pre-selfefficacy as the covariate. Model 2 included the interaction terms between gender and the
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mentoring variables. Seventy percent of the present data was used as the training data,
which was used to explore and identify the relationships among the variables; the rest of
the present data (i.e., 30%) was the test set, which was used to check the accuracy of the
predictions derived from the training set. In addition, the elastic net models used 5-fold
Cross-Validation (a technique that equally split the data set into five folds and each fold
was used as a testing set and the remaining folds as the training set sequentially for model
identification until all the folds were rotated to be the testing set). Given the sample size
of the overall dataset, using five folds would increase the sample size of each fold. As
elastic net analysis tested an array of different combinations of the two penalty
parameters, α and λ, meaning there were a large number of models that were fit, I used
the one standard error of the minimum mean squared error (i.e., minMSE + 1SE) method
to select the final model in the expectation of not overfitting the data.
The analyses were conducted in R (R Core Team, 2013) using the packages of
lavaan (Rosseel, 2012) for RQ1 and glmnet and caret (Friedman, Hastie, & Tibshirani,
2010; Kuhn, 2016) for RQ2.
Qualitative Analysis
As a reminder, qualitative data collected via a semi-structured interview protocol
were used to answer RQ3 “How, if at all, do mentees describe their mentors’ modeling,
instructive feedback, and verbal persuasion?” The interviews were first uploaded to
Otter.ai, an online application that transcribes speech data to textual documents
automatically. The transcripts were later manually cleaned and then imported to
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MAXQDA, a qualitative analysis software.
The qualitative question was added to the present study for confirmatory
purposes. In other words, it was my intention to use qualitative data to confirm (a)
whether and how the near-peer mentors enacted the model-proposed practices during
their interactions with the campers, and (b) whether and how these practices influenced
campers’ self-efficacy in programming. Directed by these purposes, the primary
analytical strategy I used to interpret the qualitative data was deductive coding, an
analytic process guided by an existing framework (Patton, 2001). Deductive coding with
a priori codes is a common practice in studies that are to test theory against empirical data
(Elliott, 2018). However, as Creswell (2013) cautioned, while they help limit the scope of
analysis, a priori codes also can lead to the ignorance of emergent views that the preset
codes do not cover. In order to capture the additional, emergent codes, I also used
inductive coding (i.e., an analytical process to discover the patterns, themes, and
categories in the raw data (Patton, 2001)) as a complementary strategy. Inductive coding
allowed me to identify the salient patterns that emerged out of the raw data in respect to
the relations between mentor practices and campers’ self-efficacy.
Qualitative analysis proceeded in two sequential phases. During the deductive
phase, the data were classified and then assigned to the corresponding a priori codes such
as modeling, instructive feedback, and verbal persuasion. During the inductive phase, the
data that could not be assigned to the a prior codes in the previous phase were then open
coded, and an list of tentative codes was generated (Saldaña, 2016). After this, those
initial codes were then condensed to broader categories that best presented the data.
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Another researcher coded the interview data independently. We then convened to
compare our codes and differences were discussed until we reached an agreement. See
Appendix H for a copy of the coding book.
Table 10 summarizes the data sources and analytical strategies used to address the
research questions.
Table 10
Data Sources and Analytical Strategies Used to Answer Research Questions
Research question

Data source

Analysis

RQ1

Does mentees’ self-efficacy in programming increase
after attending the camp? Is there a difference in the postcamp self-efficacy as a function of mentee gender?

Pre-post
surveys

Paired-sample t
test; linear
regression

RQ2

Do the near-peer mentors’ act of modeling, instructive
feedback, and verbal persuasion predict mentees’ postcamp self-efficacy? Do we see differences in these
predictive relationships between female and male
mentees?

Pre-post
surveys

Regularized
regression with the
elastic net method

RQ3

How, if at all, do mentees describe their mentors’
modeling, instructive feedback, and verbal persuasion?

Camper
interview

Deductive and
inductive coding
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CHAPTER IV
RESULTS
Quantitative Results
Descriptive Statistics
An exploratory descriptive analysis was first conducted on perceived competency
similarity, in addition to self-efficacy and the mentoring variables, to check the validity
of the manipulation on similarity. Results showed a majority of campers (90.69%) agreed
they were somewhat similar to their mentors while only a few students (9.30%) thought
they were more competent than the mentors in terms of programming (see Table 11).
These results suggested that the study met the premise on mentor-mentee expertise
proximity.
Table 11
Frequencies and Percentages of Campers’ Responses to Perceived Competence
Similarity (N = 43)
Response option

n

%

Cumulative %

I am much worse than my mentor.

9

20.93

20.93

I am somewhat worse than my mentor.

20

46.51

67.44

I and my mentor are the same.

8

18.60

86.04

I am somewhat better than my mentor.

2

4.65

90.69

I am much better than my mentor.

4

9.30

100.00

Descriptive statistics of self-efficacy and the mentoring variables was computed
for the complete dataset as well as the sub-dataset by camper gender. Recall that these
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scales were measured using an 8-point Likert scale with a higher value indicating a more
approving response to a measure. Table 12 revealed an increasing trend in self-efficacy
from pre- to post-test for both male and female campers. However, there was a difference
in the magnitude of the self-efficacy gain between female and male campers, that is,
males’ increment (gain = 1.25) was slightly larger than females’ increment in selfefficacy (gain = 1.03). In addition, ratings of the mentoring measures were all above the
midpoint 4.5, indicative of campers’ approval of the near-peer mentors’ mentoring
practices. However, females tended to rate their mentors lower than males as the means
and medians of the mentoring measures showed. Further, as can be seen from their
standard deviations, females’ responses to the mentoring measures were more diverse
Table 12
Descriptive Statistics of Mentee Self-Efficacy and Their Rating of Mentoring Variables
for the Complete Dataset and Sub-Dataset by Camper Gender (N = 43, Female = 19,
Male = 24)
Variable
Pre-self-efficacy

Grouping
Overall
Female
Male

Mean
4.36
3.79
4.81

1.74
1.85
1.54

Post-self-efficacy

Overall
Female
Male

5.51
4.82
6.06

1.70
1.88
1.34

6.00
4.33
6.00

Rating of modeling

Overall
Female
Male

6.82
6.20
7.32

1.57
1.94
.98

7.57
6.29
7.71

Rating of instructive feedback

Overall
Female
Male

6.94
6.42
7.35

1.46
1.77
1.01

7.67
6.67
7.83

Rating of verbal persuasion

SD

Median
4.33
3.67
5.17

Overall
6.89
1.42
7.50
Female
6.37
1.78
6.50
Male
7.30
.89
7.50
Note. All measures were written on an 8-point Likert scale, 1 = strongly disagree and 8 = strongly agree.
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than males’, which implies the possibility of an experiential difference with the near-peer
mentoring model between female and male campers.
Results of Inferential Statistics
Research Question 1. The first research question contained two sub-questions:
“Does mentees’ self-efficacy in programming increase after attending the camp?” and “Is
there a difference in the post-camp self-efficacy as a function of mentee gender?” For the
first sub-question, results of a paired-sample t test showed that the increase in selfefficacy from pre- to posttest was significant, t(42) = 4.76, p < .001, Cohen’s d = .73,
suggesting a large effect size for the change.
For the second sub-question, the linear regression model was significant, F(2, 40)
= 11.77, p < .001, suggesting the model’s capacity in predicting the outcome variable,
post-self-efficacy. Results of the regression model, however, showed that after
accounting for the effect of pre-self-efficacy, camper gender was not a significant
predictor of post-self-efficacy, β = .22, p = .11. Put differently, taking into account their
pre-camp differences in self-efficacy, females and males did not differ significantly in
their post-camp self-efficacy. Table 13 presents the results of the linear regression
analysis.
Research Question 2. The second research question also contained two subquestions: “Do the near-peer mentors’ act of modeling, instructive feedback, and verbal
persuasion predict mentees’ post-camp self-efficacy?” and “Do we see differences in
these predictive relationships between female and male mentees?” I fit two regularized
regression models using the elastic net method to answer the questions. Model 1 used
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Table 13
Results of the Linear Regression Analysis of Post-Self-Efficacy on Camper Gender While
Controlling for Pre-Self-Efficacy (N = 43)
Model output
Intercept

B

SE B

β

2.94

.58

Pre-self-efficacy

.50

.13

.51**

Camper gender (male)

.73

.44

.22

R

.37

2

Adjusted R2
**p < .001.

.34

modeling, instructive feedback, and verbal persuasion as predictors of post-self-efficacy
with pre-self-efficacy as the covariate. In addition to the predictor and covariate variables
in Model 1, Model 2 added interaction terms of camper gender with the three mentoring
variables to predict post-self-efficacy.
For Model 1, the tuning parameters at one stand error of the minimum MSE were
α = 0 and λ = 1, which suggested that a Ridge regression was the best solution to the
current data. Figure 5 showed that pre-self-efficacy was the most important predictor of
post-self-efficacy. (A note about Figure 5 and Figure 6: the importance of variables is
rated on a scale of 0 to 100. The greater the value on the horizontal axis a predictor
variable carries, the more important it is to the dependent variable). As to the mentoring
variables, verbal persuasion was shown to be most influential to post-self-efficacy. While
instructive feedback also played a role in influencing self-efficacy, its effect was quite
limited in comparison to verbal persuasion. Conversely, modeling was the least
contributing factor to self-efficacy. The model estimated coefficients were .61 for pre-
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self-efficacy, .35 for verbal persuasion, .13 for instructive feedback, and .12 for
modeling. The model explained approximately 59% of the observed variance of post-selfefficacy, R2 = .59.

Figure 5. Importance of proposed variables in predicting post-self-efficacy.

For Model 2, the optimal model selected using the one standard error method had
the same tuning parameters with Model 1, that is, α = 0 and λ = 1. Figure 6 shows a
similar pattern to Model 1 in regard to the importance of the three mentoring variables in
predicting post-self-efficacy, with verbal persuasion being the most influential factor,
followed by instructive feedback and modeling. In comparison to the three mentoring
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variables, the effects of their interactions with camper gender were much weaker. An
examination of the estimated coefficients indicated that the coefficients of the interaction
terms were from very small (i.e., .03 for gender by instructive feedback, and .01 for
gender by verbal persuasion) to negligible (i.e., less than negative .01 for gender by
modeling) in comparison to .34 for verbal persuasion, .12 for instructive feedback,
and .11 for modeling. These results suggested that camper gender did not show a
moderation effect on the three mentoring variables. In other words, the proposed
mentoring practices including modeling, instructive feedback, and verbal persuasion did
not have differential effects on female and male campers’ self-efficacy.

Figure 6. Importance of proposed variables and their interaction terms with camper
gender in predicting post-self-efficacy.
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Qualitative Results
In RQ3, I asked, “How, if at all, do mentees describe their mentors’ modeling,
instructive feedback, and verbal persuasion?” As a reminder, the three practices of
modeling, instructive feedback, and verbal persuasion represented three sources of selfefficacy: vicarious experience, enactive experience, and social persuasion, respectively.
These practices were integrated into the activities of mentor modeling debugging, sharing
apps, offering help and guidance, performing app assessments, and providing positive
feedback. In order to answer this question, I interviewed 31 campers with questions
framed around those mentor practices mentioned above. Apart from mentor practices, I
also asked questions in regard to, for example, campers’ pervious knowledge and camp
experience. The purpose of these questions was to capture factors pertinent to the
evaluation of the near-peer mentoring model and help interpret findings regarding the
effectiveness of the three proposed mentor practices. In the following section, I first
describe those factors and then present findings of how campers perceived their near-peer
mentors’ practices in regard to the three sources of self-efficacy and how these practices
might have influenced their efficacious beliefs.
Contextual Factors
Learning context is an important contributing factor to self-efficacy. As
mentioned in Chapter II, learning context can influence how people perceive and
interpret their enactive experiences. For example, failures are deleterious to self-efficacy
in general. However, failures, if interpreted as the results of an adverse environment, will
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not hurt one’s sense of efficacy in executing a task. On the other hand, an unwelcoming
or hostile environment may also prevent a person from trying an activity. As such, one of
the near-peer mentoring model’s goals was to create a facilitative environment so that
campers would feel secure and inspired to do coding. To examine this, I explored
campers’ perceptions of the camp environment from three aspects: camp enjoyment,
working with mentors, and task difficulty.
Camp enjoyment. Overall, all the interviewees expressed positive feelings
toward the camp, which can be seen from the examples of “I really like it [the camp]. I’m
really enjoying it so far” and “The camp has been so much fun.” When asked what made
the camp enjoyable, most campers connected the “fun” experience to coding: “I really
like the coding part, and making games and then messing around with them” and “Um, I
think it’s really fun experience to learn about coding and making apps.”
In addition, there was also evidence showing that the positive feelings toward
coding did not discriminate based on campers’ previous coding experience or gender. For
example, one boy stated, “It’s fun to code cos [sic] I’ve never coded before. And I feel
like it’s fun.” Similarly, a girl, who had no previous coding experience, recounted, “It’s
[the camp] pretty good. Like the apps are really amazing. Coding is really great, even
though you have to like, you know, put them everywhere. So it’s good.” On the other
hand, another girl, who had coded in different programming platforms including App
Inventor and for “a long time,” said, “I just really like coding and stuff like that. And I
like the drag-and-drop techniques. Like it’s not too hard, but still, like hard enough for it
to be entertaining.”
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Despite the overall positive feelings toward the camp and coding, two campers
revealed their dislikes about the duration of the camp and some app designs, respectively.
For example, a camper said, “It’s a bit long of a session. Three hours for the coding is, I
don't know, I just kind of get a little bit bored. But it’s been fun besides that.” In another
interview, a camper mentioned that the repetition of some programming concepts across
apps had reduced the interest of coding some of the apps:
I like some of the coding, how we get to learn new stuff. I think some of it
interests me, but others just wasn't [sic]. Because some of it just didn't interest me
because it was just like repeating the same thing. I like learning the new things,
and then just doing the same old thing just got kind of tiring to me. So it's getting
boring.
The quote above shows that although the repetition of the same concepts made coding
less appealing to her, her general interest in coding, however, was not affected. As can be
seen from the excerpt above, she was still eager to “learn new stuff [about coding].”
Working with mentors. Of note, working with mentors refers to (a) the presence
of mentor and mentee interaction and (b) the quality of a mentoring relationship. First,
most of the proposed mentor practices were embedded in mentor and mentee interactions.
Or put simply, how mentees interact with the near-peer mentors decided the occurrence
of those practices such as providing help and sharing apps. Second, the quality of a
mentoring relationship was also likely to affect the effectiveness of those mentor
practices on the mentees’ self-efficacy. Take verbal persuasion as an example. The
encouragement from a close friend is more powerful than that from a stranger in
increasing one’s confidence, as the former is more credible, rendering his/her
encouragement more realistic and relevant (Bandura, 1977). In addition, a trusting

81
mentorship can reduce mentees’ stress and anxiety and promote campers’ help-seeking
behaviors.
All the interviewees confirmed interactions with their mentors. Additionally, the
interview data also showed that working with the near-peer mentors was an enjoyable
and beneficial experience. For example, one stated, “It’s [working with my mentor] really
fun, because she’s [mentor] fun to be around and she will help you.” In a second
example, another camper shared, “It’s been really fun. And I like that she’s always there
watching and helping us whenever we get stuck.” These examples showed that the nearpeer mentors were not only fun to work with but also helpful with coding.
In addition to being fun and helpful, another benefit of working with the near-peer
mentors as some interviewees disclosed was that they made the coding experience less
stressful. A girl camper spoke about how she was scared at the beginning of the camp as
she had never coded before and how her mentor helped reduce her stress. “It’s [working
with mentor] been really nice... which makes me not, like, be like, like, I don’t know how
to explain, be like, scared to ask him for help.” Similarly, a boy camper, who was also
struggling initially, also mentioned that how his mentor interacted with him invited him
to ask for her help, as shown below.
It's [working with my mentor] been great. She like, she sees how at the beginning,
I started struggling, but then like, she knows how, like, taking my time. And she
actually like helps with that. So she doesn't like rush me. She doesn't, like, told
[sic] me to do it faster. She doesn't tell me hurry. She just like, “Take your time. I
got you if you need help. Just ask me.” ... And then I do ask her when I need help.
The two examples highlighted how working with the near-peer mentors was a beneficial
experience to the campers. Without the mentors, the campers’ experience could have
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been drastically different and stressing. However, owing to their mentors, campers were
more willing to seek help.
Task difficulty. Task difficulty is another contextual factor that influences
people’s judgment of their ability in performing a task (Bandura, 1977, 1986, 1997). An
exceedingly high or low level of task difficulty is very likely to neutralize the effects of
mentor practices on campers’ self-efficacy. According to Bandura (1977), completing an
easy task barely conveys new information about one’s ability and therefore is often times
of little or no help in raising self-efficacy. On the other hand, a task far beyond one’s
ability discourages participation. In addition, if considerable effort is invested and/or
much external help is needed when completing such task, one’s self-efficacy will also
barely increase. In the former case, the considerable effort implies ability deficit, while in
the latter, too much external help also debilitates the sense of achievement, as success is
attributed to help rather than one’s own ability. Another reason for exploring campers’
perceptions of task difficult was because the level of task difficulty was also critical to
the extent of help and guidance campers needed from the near-peer mentors.
During the interviews, campers were asked to rate how difficult they though
coding was on a scale of 1 (i.e., easy) to 5 (i.e., difficult). To illustrate the findings,
camper responses were presented in Table 14. Specifically, most of the interviewees
thought coding was neither too easy nor too difficult, while there was also a number of
interviewees who found coding to be slightly challenging. Furthermore, only two
campers stated that coding was too difficult for them, but for reasons not indicative of
their ability deficiency. For example, one camper ascribed the difficulty to the delivery
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mode of instructions, “I'd say it's about a 5 because of reading the instructions on the
screen instead of hearing them, because some people learn to like [audially rather than
visually].” Conversely, the second camper seemed overwhelmed by the interface of the
programming platform as she revealed, “It's five because it's really difficult. … because
you had to get like all the blocks even... you have to get like the panels, buttons, and
everything like that. It's difficult, but it's getting easier now.” As to the camper who rated
“4 or 5,” she did not give a reason.
Table 14
Distribution of Interview Ratings on the Difficulty in Coding Apps (N = 31)
Rating of 1 Easy – 5 Difficult

n*

%

1.5

1 (F = 0)

3.23

3.23

1.5 or 2

1 (F = 0)

3.23

6.46

2

7 (F = 2)

22.58

29.03

2 to 2.5

1 (F = 0)

3.23

32.26

2 or 3

5 (F = 3)

16.13

48.39

3

10 (F = 4)

32.26

80.65

3.5

1 (F = 1)

3.23

83.87

4 or 5

1 (F = 1)

3.23

87.10

5

2 (F = 2)

6.46

93.55

2 (F = 1)

6.46

100.00

Easy (but did not give a number)
Note. F = Female.

Cumulative %

Personal Factors
Personal or camper factors are another dimension to consider when assessing the
effectiveness of the near-peer mentoring model. During the interviews, I explored these
camper factors from the perspectives of previous coding experiences and perceived
progress in coding.
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Previous coding experience. The purpose of examining campers’ past coding
experiences was to build an understanding of campers’ existing knowledge of coding for
two reasons. First, campers’ existing knowledge might affect the effectiveness of certain
mentor practices such as modeling. Modeling, especially performance modeling, is most
helpful for novice students because they do not have previous knowledge that they can
use to judge their abilities. Also, with no experience, students usually do not know what
to expect about a new task. For this reason, performance modeling is of great use in
setting an example of how to perform the new task. In other words, the potency of mentor
modeling, performance modeling in particular, will be much reduced for campers with a
high level of previous knowledge. Second, campers’ previous knowledge might also
influence how they interacted with their mentors. For example, an experienced camper
might not need as much help as a novice camper did from a mentor. Additionally, types
of help needed were probably also different between an experienced camper and a novice
camper.
During the interviews, thirteen campers stated that they had never had coding
experience of any kind and coding was brand new to them. Sixteen campers had some
coding experiences prior to the camp, which varied from simple school coding (e.g.,
“[University] came to our fifth-grade class once time. And they taught us how to use
simple, very, very, very, very simple block coding.” “Only when some people came to
elementary to teach us [coding]. That was like one day a year.” “Yeah, a little bit, just
you know, in school, stuff like that. It was um, we had to code through a game and make
like a little monster thing get to the end using the blocks.”) to coding in an after-school
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club or a summer camp (e.g., “In fifth or fourth grade, there’s an after-school coding
thing, and I did that for a little while.” “I was in a robotics club. And we programmed our
little robot to do things.” “I did like a camp where you program in Scratch.”). In addition,
two of the interviewees seemed to have comparatively higher coding skills. One has
coded in Java, while the other was as she said,
Um, I was in a coding club in sixth grade. And we did Scratch and we used this
[App Inventor] a few times. ‘Cause [sic] I just do it a lot. And I’ve been doing it
for like a long time. So I feel like I have like more experience with it.
Perceived progress in coding. Perceived progress was used to examine the
campers’ sense of achievement or how they perceived their enactive experiences.
Perceived progress could have played a critical role in the changes of campers’ selfefficacy. Furthermore, as the most powerful source of self-efficacy, a strong sense of
achievement could offset the influences from the near-peer mentors. As such, I asked
what campers thought of their coding skills compared to before the camp.
The interview data showed that the interviewees were unanimous about their
progress in coding regardless of their previous knowledge of coding. For example, the
boy, who had done coding in Java, said, “I think they’re [coding skills] better.” The girl,
who was comparatively ahead in coding, also remarked, “Um, I feel like they’re a little
better. Like, I understand it more.” Similarly, campers with no previous experience also
agreed that they benefited from the coding experience and improved their coding skills.
“I think I’m a better coder. Like I excelled. When I first came, I didn't know anything.
But now I do. Now I know what’s this and that,” said one girl. In another example, one
boy stated, “They’ve gone up a lot. Before I wouldn't, I wouldn't have known how to do
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half the stuff. Now I like understand more how it works.” The same pattern of skill
improvement was also observed among campers who had had some exposure to coding
previously. One girl, who had been in a coding camp before, said, “I feel like I’m way
better now. I understand the blocks more [sic] better.” As a second example, one boy,
who had coded in Scratch and also programmed robots, showed his improvement in the
following utterance.
I think they're, I think I like improved a lot throughout the week. It like, um, I
don't know, I kind of like knew the right blocks. But I didn’t know like what they
mean. I just knew kind of, like, “Oh, that does this,” or something. But now I
know like what the blocks mean and stuff.
The excerpt above showed that despite the camper’s previous experience with coding,
this camp was still beneficial to him. The new experience improved his understanding of
programming concepts as evidenced in his own words, “now I know … what the blocks
mean.”
Modeling
As a reminder, the mentors were advised to perform two types of modeling:
performance and attitudinal modeling. The two types of modeling were integrated into
the activities of modeling debugging and app previews, respectively. When modeling the
debugging activities, mentors were supposed to take over a computer and demonstrate the
procedures of identifying and correcting errors in the programming scripts. Whenever
possible, they were also advised to voice their thoughts about debugging and
programming. During app previews (i.e., mentors shared with campers the apps they
created before campers set out to code the apps), mentors were advised to share the
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challenges they met when programming the apps. The purpose of doing so was to model
their undaunted attitudes of persisting through the impasses in programming. The
following section describes how campers perceived and described their mentors’ acts of
modeling as well as the effects of the modeling practices on their learning outcomes.
It is important to note at this point that campers’ recounts were not necessarily a
truthful reflection of mentors’ actual practices. Neither was it the goal to use the
interview data to check the fidelity of mentor practices to training. Instead, I sought to
use these data to explore the practices salient to campers and how they might have
influenced the campers’ self-efficacy.
Campers’ recounts of mentor modeling. As mentioned above, the near-peer
mentoring model utilizes both performance and attitudinal modeling to enhance campers’
vicarious experience. To investigate the effectiveness of these strategies, campers were
probed about their experiences with the activities of mentor modeling debugging and
sharing apps.
First, the interview data showed difference in campers’ experiences with how the
mentors approached the debugging activities. Most campers confirmed that their mentors
modeled the debugging activities (e.g., “She’s [mentor] like, she just got onto one of our
computers… She’d like, she test [sic] out the app on her phone.” “So he had everyone in
our group go over to one computer. And then he showed us how to debug. Like he did,
like, an example one.”). However, campers of two mentors (who both mentored four
campers, respectively) stated that they did not see their mentors demonstrate how to
debug. For example, one camper of Mentor A noted, “He just told us how to
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debug…When we needed help, he would help us. But he didn't do it [debugging] for us.”
Also, campers of Mentor B made similar comments. For example, one camper said,
Um, he kind of like told us how to do it [debugging]. And then he let the person at
the computer like do it. So I didn't see him working the computer. Um, he would
like show us the problems and then he would be like, “OK, so this is how you fix
it.”
As the examples above illustrate, instead of modeling the procedure, both mentors elected
to use verbal instructions as an alternative strategy to teach how to debug.
In addition, campers of another two mentors also noticed the strategies the
mentors used or shared when modeling debugging. For example, one camper said, “She
would like before every debugging assignment, she would come and usually have our
computers and show us what to do with them and tell us tips and stuff.” Similarly, one
camper of the other mentor stated,
…she [mentor] was like showing us like, you know, the ropes of how to debug,
like, “Oh, there’s like these warning signs that are going to be right here” and like,
“you just look out for those.” And also like, there’s some that just like, “Read
through them all.” And if like they don't make sense, you probably should check
it if like that’s something that’s wrong.
Although demonstrating strategies is an important aspect of performance modeling, only
three instances in the interview data indicated that these practices caught campers’
attention. Again, this finding did not mean that the mentors did not model their
debugging strategies. However, likely is that it was not salient to most of the
interviewees.
Second, attitudinal modeling was also part of the near-peer mentoring model and
was primarily integrated to the activity of mentor showcasing apps to campers. All the
interviewees confirmed that the mentors showcased their apps to them (e.g., “She showed
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us a few of her apps.” “She recently shared like her, her newer app…”). However, when
asked what else the mentors shared during app previews, none of the interviewees
mentioned that they noticed the mentors shared personal stories of how they persisted
through and overcame the difficulties in the course of coding those apps.
Impact of mentor modeling on campers’ learning and self-efficacy. Most
campers spoke about the benefits of performance modeling (i.e., mentor modeling
debugging) mainly in relation to their learning outcomes. For example, the most
mentioned benefit was that watching the mentors debug familiarized the campers with the
task and gave them an idea of how to approach it. Or, in their own words, they knew
“what to do” from watching mentors. For example, one camper stated, “I knew what I
was doing from that [watching mentor]. We were just starting on debugging. I knew what
to do.” Another camper said, “It’s kind of like helpful to see like how it’s [debugging]
supposed to go, what it’s supposed to look like.” When discussing the importance of this
modeling practice in preparing him, one camper noted, “It’s just showing us like the way
that we should be doing it, instead of just going in not knowing what to do. ... I wouldn't
have known how to debug if he [mentor] hadn’t shown me how to do it.” In addition to
knowing what to do, campers also admitted that watching their mentors also benefited
their own coding skills. This point is exemplified in the campers’ comments: for
example, “Just watch, like watching the process by someone who knew what they were
doing just so that we could like know what we were doing right, and, like, know
strategies to be able to do it better,” and “She [mentor] basically like debug the whole
app… So I learned how to debug. So I know how to not make a mistake, like not make
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the same mistake over and over.”
Apart from its benefits on the campers’ learning outcomes, performance modeling
also reduced their task anxiety. Specifically, the interviews showed that from watching
the mentors, campers felt easier to set out to perform debugging on their own. As one
example, one camper said, “So you kind of knew what you’re getting yourself into. And
it was, it just makes the coding a little bit easier.” In a more elaborate example, one
camper spoked about how watching her mentor debugging facilitated her own coding.
I don't know about the other two [campers], to, like, how to like face it
[debugging] or change it. And for me, it was a lot easier to do it when I realized
that her demonstrating it. It helped me a lot more in the debugging like on our
own.
As the example above shows, the fear of not knowing “how to face it or change it” could
possibly have aroused the camper’s doubt of her ability in doing debugging. However,
mentor modeling helped reduce the perceived difficulty and made it “easier” for her to do
it on her own.
Despite the prevalence of comments in regard to learning experience and
outcomes, discussion on the influence of performance modeling on self-efficacy was
scarce in the interviews. Only two campers related watching mentors debug to their selfefficacy and acknowledged that it increased their self-efficacy in doing debugging. To
illustrate this, one camper remarked, “I think it made us feel better and that we could do
it. And I know it made me feel that way. Like watching her do it, I felt like I could do it.”
Although attitudinal modeling was not prominent during app previews, the
interviewees acknowledged the usefulness of this activity (i.e., app previews) for their
learning. Similar to performance modeling as mentioned above, most campers agreed that
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the app previews provided an example of the finished products, which helped clarify the
end goals for the campers to achieve. For example, one camper said, “It’s [seeing
mentor’s apps] really helpful, because then you know what mindset to put in or what goal
to have.” Similarly, another camper noted, “It kind of helped us out a lot. … I, kind of
knew like what to put on after I saw her, um, the thing on the phone. And then I knew
what I should put down.” A second benefit of app previews that emerged out of the
interviews to their learning was that seeing mentors’ apps enlightened the campers with
new ideas about how to personalize their own apps, which was a helpful practice to
reinforce knowledge. This can be seen from the example quote: “Like for today, on the
app I just finished, I wanted to do something that was similar to hers [mentor’s app]. …
So if I didn't see hers, I wouldn't think of doing that. It definitely helped my app.”
In terms of affective outcomes, several interviewees commented that seeing
mentors’ apps motivated them to do the similar. For example, one boy said, “I’m like,
‘Oh, it’s cool.’ I kind of want to do something similar to that, just like make it [the app] a
little different.” As another example, one girl said, “It makes me excited to create [the
app] ‘cause [sic] she [mentor] makes it so interesting.” Additionally, despite the low
visibility of attitudinal modeling during app previews, there were still three campers who
mentioned that seeing mentors’ apps increased their confidence. One camper stated,
“Like to see what he’s done, I know that I can do it too. … I think I felt motivated.
‘Cause [sic] I know that, yeah, like he did it, so it means basically I can do it.” Of note,
the app preview activity was originally designed to facilitate attitudinal modeling.
However, as the camper said, she perceived the mentor-created artifacts (i.e., apps) as a
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symbolic representation of his achievement in coding and this modeled achievement
increased her efficacious belief that “I can do it too.”
Instructive Feedback
In order to enhance campers’ enactive experience, mentors were trained to not
give away correct answers, but rather to (a) guide campers using deep-level reasoning
questions, and (b) to use elaborate feedback. The near-peer mentoring model presumed
instructive feedback to be throughout mentor-mentee interactions, especially in the
course of mentor providing help and guidance. Furthermore, instructive feedback was
also integrated to the activity of app assessments, where mentors were asked to evaluate
campers’ learning after each app. Therefore, campers were probed around how the nearpeer mentors helped them and conducted the app assessments to them. Findings are
accordingly structured around these two activities and presented below.
Campers’ recounts of mentors’ instructive feedback. Before I present how
campers described mentors’ instructive feedback, it is worthwhile to delineate what types
of help campers sought, because campers’ needs shaped how mentors framed and
provided their feedback. First, the interview data showed that a considerable portion of
help that the mentors provided was low-level and did not promote learning. For example,
a number of campers mentioned that some instructions in the curriculum were confusing
and they had to ask their mentors for clarification. To illustrate this, one camper said,
“We just try to get help on like understanding a piece of the instructions. It’s like said
kind of weird.” In a second example, another camper recounted that his mentor helped
him understand the instructions that confused him. “Sometimes I don't understand what
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it’s asking me to do in Canvas. So he [mentor] like kind of put it into words that make
more sense to me.” In addition, there were also a few instances in the interviews showing
that campers needed help with navigating the user interface of the programming platform
and locating things. “She [mentor] showed me where all the bar, where certain blocks
were, how to upload or how to upload stuff to it,” said one camper during the interview.
Similarly, another camper said, “When I was struggling with the things, trying to find it, I
can’t find it. And he [mentor] helps me.”
Another area for which the campers, as mentioned in the interviews, sought
substantial help was problem-solving their apps or codes. This can be seen from these
comments. As one camper stated, “When I was working on something, and I did
something wrong, but I didn't know what it was. She [mentor] helped me like figure out
what it was that I was doing wrong.” Another camper said, “He [mentor] helped me by
checking if my coding was okay, and seeing if there’s anything wrong.” Additionally,
while helping the campers solve their problems, the most mentioned strategy that the
mentors used and/or that the campers noticed was that instead of giving a direct answer to
their inquiries, the mentors provided scaffolds such as questions and suggestions to guide
the campers through the process. As an example, one camper mentioned an incident
where her mentor used questions to point her to what she was looking for. “We look back
on my codings… She would tell me, like, she’d say, ‘Okay, where can we find this?’ or
‘Where can you get the answers from?’ And it was really helpful.” In another example,
another camper spoke about how her mentor used suggestions to lead her to the answer.
“She gave out multiple suggestions. And she didn't exactly tell me which one was
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better. …It’s helpful because I get to learn.” Another common strategy the mentors used
was to give explanations. As this example shows, “He [mentor] really showed me how to
do it [one code] and like explained why that’s the way it works.” In a second example,
another camper said, “If I’m really stuck, she’ll [mentor] explain like what it’s doing or
what I’ve got wrong.”
App assessments were another activity where mentors practiced instructive
feedback. In the interviews, all the campers said the mentors conducted the app
assessments with them. Most campers expressed that the app assessments were easy and
they performed well in the assessments (e.g., “I got the majority of the questions right. I
got maybe like one or two totally wrong,” “I think I missed one [question],” “I’ve gotten
all the answers right”). Furthermore, the most mentioned mentor practice during the
assessments was to clarify assessment questions. In other words, mentors had to rephrase
the questions so that campers understood what the questions meant (e.g., “If I had like
any questions about the questions, and he [mentor] would like to phrase it. So then I
would understand it,” “If I didn't understand, she [mentor] would like make it easier. Like
she would restate the question so that I understand what she’s asking me”). As to
incorrect responses, campers remarked that the mentors would tell them the correct
answers and explain why (e.g., “If you get the answer wrong, or you know, flat out don't
know it, she’ll [mentor] tell you, and she’ll tell you why this is,” “If I didn't know, I
would just say that I don't know it. And then he [mentor] would say he would tell me
what the answer is and why it’s the answer”).
Impact of mentors’ instructive feedback on campers’ learning and self-
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efficacy. In the interviews, there were few instances that connected mentors’ instructive
feedback to learning. However, a number of campers mentioned that their mentors played
an important role in the improvement of their coding skills (e.g., “[Mentor name] helped
me understand a little bit more about coding,” “She’s [mentor] helped me through the
things I don't understand”). Upon specifying how the mentors helped improve their
coding skills, several campers highlighted that the explanations mentors provided
regarding their questions helped the change. For example, “when we didn't know what
was happening or we were confused, they [mentors] were there and explained to us what
was wrong and how to fix it,” said one camper. As a second example, another camper
said, “When I didn't really understand something, he [mentor] would explain it. Or if I
got like a question, [or] something wrong, he would explain what I needed to fix and
what it meant. And that kind of helped a lot.” These examples show that mentors’
explanations or instructive feedback at least enhanced the campers’ learning experience,
if no impact on their learning per se.
Although no comment was made in the interviews regarding the effect of
instructive feedback on self-efficacy, there were indeed instances showing that mentors’
instructive feedback influenced campers’ affective experience. A notable effect that
emerged out of the interviews was that mentors’ instructive feedback, especially the
strategy of withholding correct answers but guiding campers to find answers by
themselves, increased campers’ senses of accomplishment. The following quote
illustrates this point.
Whenever I need her help, but she'll [mentor], she'll not tell me the answer. But
she'll just like lead me through it. And then I'll eventually get it. ... Because I want
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to, I want to be able to like do it myself. But, like, because if I get the answer, that
I won't really feel like I accomplished it. Because they gave me the answer, so
[sic] it's not really like a big deal. You basically didn't even do it.
As the example shows, the camper was very appreciative of the way his mentor helped
him. To him, not giving away the correct answers and leading him to find the answer
himself were important to his sense of self, that is, he wanted to “be able to do it”
himself. Too much help from the mentor would have otherwise reduce the feeling that he
“accomplished” it. Similarly, another camper also mentioned he wanted to solve the
problems by himself and the way his mentor helped him fulfilled the desire. “She didn't
like tell me exactly what I was looking for. She like helped me find the answer. Um, [it’s]
good. Because I got to like, like figuring out the answers to the questions like more by
myself.”
Verbal Persuasion
As another source of self-efficacy, the near-peer mentoring model operationalized
verbal persuasion as mentors’ encouragement of both verbal and textual types. While
mentors were advised to be supportive and encouraging when they interacted with
campers, they were required to write motivational notes to each camper every day
throughout the camp. The following section first presents how campers described
mentors’ practice of verbal persuasion and then highlights its effects on campers’
affective experience.
Campers’ recounts of mentors’ verbal persuasion. Mentors’ oral
encouragement or praise did not seem salient to the campers, as there were only sporadic
comments in the interviews mentioning it. For example, when asked how the mentor
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helped her, one camper noted inadvertently, “she [mentor] is usually constantly coming
over and saying that we’re doing great job.” Or as some campers noticed during the app
assessments, the mentors would praise them if they got the answers correct (e.g., “She
will come and sit next to me and she asks me questions. … And if I get it right, and then
she’ll, like, say ‘good job’ or something,” “He just, he tells ‘good job’ when we do
something right”).
Yet, when responding to the question of whether they noticed any feedback given
by the mentors regarding their coding skills, the majority of the interviewees referred to
the motivational notes the mentors left to them (e.g., Researcher: “Did your mentor give
you any feedback or comment about how you were doing with coding?” Camper A:
“Yea. He wrote some notes saying that I do a good job. And that I, like, do well, and I
keep working hard. And yea.” Camper B: “Oh, yea. She’s, um, every, every day. And
yesterday, she gave me two sticky notes that had really nice notes on them”).
Furthermore, all the interviewees acknowledged that they had received and noticed the
motivational notes from their mentors. Figure 7 presents a sample of mentors’ notes.
Impact of mentors’ verbal persuasion on campers’ affect. Of note, because of
the scarce references to oral encouragement during the interviews, the influence of
mentors’ verbal persuasion was primarily explored in respect to the motivational notes.
While there was no instance in the interviews suggesting its impact on campers’ learning
of coding, an abundance of evidence indicated that the motivational notes had greatly
influenced campers’ affective experience in several ways. First, the most noticeable
effect was that mentors’ motivational notes had increased campers’ confidence in doing
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Figure 7. Sample mentor notes.
programming. As one camper said, “they [mentor’s notes] made me feel good, because
then I could like believe in myself that I could do the thing [coding] well, and, like, not to
give up and stuff.” Similarly, another camper stated, “It, like, it boosted my confidence in
coding. …They made me more confident about coding.” In order to explain how the
mentor’s notes increased her confidence in doing coding, one camper noted the
following.
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Because she's noticing that about me, even though I don't notice it myself. ‘Cause
[sic] I used to think of myself as I wasn't that good at coding. And then when I
read her feedback, I just noticed like, actually, I'm pretty good at coding
compared to some people. She’s like better than me and everything, but yea.
This excerpt shows that as the camper perceived her mentor to be better at coding than
herself, the mentor’s recognition, as it was of an expert, gave credit to her coding ability
although she was unaware of it previously. This endorsement promoted the camper’s
efficacious belief that she was “good at coding.”
Another prominent effect that emerged out of the interviews was that mentors’
notes motivated the campers to take up more endeavors to coding. To illustrate this, one
camper said, “[mentor’s notes] made me feel inspired, ‘cause [sic] like, ‘oh, I should do
more of this [coding].” Similarly, another camper commented how her mentor’s notes
inspired her to be better at coding. “If you feel like someone thinks you’re doing good,
you kind of want to be better at it. And I did want to be better at it.” In addition to these,
one camper even mentioned that his mentor’s sticky notes enabled him to persist in the
face of difficulties by stating that “the sticky notes helped me quite a bit and has helped
me push forward even when things are hard.” These exemplary quotes cited above show
that the mentors’ notes were effective to promote campers’ engagement in coding even
when “things are hard.”
Although there was only one reference to this in the interviews, it is noteworthy
of mentioning this last effect of mentors’ notes—they might be the only source of support
in a camper’s life to encourage his/her participation in CS. For example, the camper
noted, “It [reading the notes] made me feel good, because I have someone supporting me.
They [mentor’s notes] told me that I got this. I can do it. … I really, never really had that
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a lot. So yea, it is kind of important to me.” This quote is of great importance in light of
how to understand the effects of mentors’ verbal persuasion. As this example shows, the
mentor’s notes signified a support that missed in a camper’s daily life to assure her of her
ability in doing programming.
Synthesis of Quantitative and Qualitative Findings
Change in Self-Efficacy
Comparison of the quantitative and qualitative findings revealed a congruence in
respect to the change of campers’ self-efficacy in programming. Quantitative data
showed a significant increase in campers’ self-efficacy from pre- to post-camp. Similarly,
campers also mentioned in the interviews that they perceived their programming skills as
better compared to before the camp. Moreover, the quantitative data also indicated that
after controlling for pre-self-efficacy, there was no significant difference in post-selfefficacy between girl and boy campers. In other words, girls and boys improved their
self-efficacy similarly. Consistent with this quantitative finding, no qualitative evidence
was found indicating that girls and boys perceived their growth in programming
differentially.
Modeling, Instructive Feedback, Verbal
Persuasion, and Self-Efficacy
In regard to the relationships between mentors’ act of modeling, instructive
feedback, verbal persuasion, and campers’ self-efficacy, comparison of the quantitative
and qualitative findings showed both contradiction and congruence. First, the quantitative
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observations of how campers rated their mentors’ practices diverged from the qualitative
comments that captured campers’ descriptions of those practices. The descriptive
statistics, as a reminder, showed that all the mentoring measures (i.e., modeling,
instructive feedback, and verbal persuasion) had a mean score greater than 6.8 on an
eight-point Likert scale. This finding suggested that campers thought highly of mentors’
practices of modeling, instructive feedback, and verbal persuasion. However, the
qualitative findings garnered contradictory evidence, which suggested that some of those
three practices were not salient to campers. More specifically, some campers did not
recall noticing and/or receiving some of the mentoring practices. This incongruity was
most evident for modeling. While the quantitative data implied campers’ approval of
mentors’ act of modeling, yet, the qualitative data showed that two mentors did not enact
performance modeling to their campers. Also, despite high ratings of the attitudinal
modeling items in the survey, however, there was no mention of mentors modeling their
attitudes in the campers’ recounts.
On the other hand, there was no apparent discrepancy between the survey results
and campers’ recounts of mentors’ instructive feedback and verbal persuasion.
Specifically, the qualitative data showed that campers worked with their mentors closely
and mentors provided intense help (although most of the help did not require the use of
instructive feedback). When the mentors helped campers problem-solve their apps,
questioning and explanation were the most mentioned strategies that, as the campers
noticed, mentors used to frame their instructive feedback. As to verbal persuasion, all the
interviewees mentioned the motivational messages mentors wrote to them. In other
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words, the qualitative findings provided evidence to show the salience of these practices
(i.e., instructive feedback and verbal persuasion) on the campers’ perceptions and thus
justified the validity of campers’ survey responses regarding the two practices.
Second, the quantitative and qualitative findings converged in respect to the
predictive relationship between the three practices (i.e., modeling, instructive feedback,
and verbal persuasion) and self-efficacy. The regularized regression showed that apart
from pre-self-efficacy, mentors’ verbal persuasion was the most influential predictor of
post-self-efficacy, while instructive feedback and modeling only had comparatively
limited effects. This finding was consistent with the qualitative findings on the impacts of
these practices on campers’ affective experience. For example, there were extensive
examples in the interview data providing concrete evidence to show that mentors’ verbal
persuasion (primarily in the form of textual messages) had increased campers’ confidence
in doing programing and promoted their engagement in programming. Conversely,
modeling and instructive feedback did not seem to have a direct impact on campers’
judgements of their abilities in general, despite the small number of counterevidence
regarding modeling. Rather, modeling and instructive feedback were found to influence
campers’ learning (e.g., modeling and instructive feedback improved programming skills)
and other aspects of affect than self-efficacy (e.g., instructive feedback helped promote a
sense of accomplishment). In addition to the predictive relationships between the three
mentoring practices and self-efficacy, the regression model did not find a significant
moderation effect between camper gender and the three practices. Similarly, the
qualitative findings also did not show a gender difference in how campers described the
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impacts of the three mentoring practices on their learning and/or affective attitudes.
Apart from confirming the quantitative findings, the qualitative findings also
provided evidence useful for assessing the effectiveness of the near-peer mentoring
model and interpreting the effects of the three mentoring practices. As the qualitative
findings showed, several other factors, such as task difficulty and previous programming
experience, among other things, might also have influenced the effects of the proposed
mentoring practices. Next chapter discusses this in detail.
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CHAPTER V
DISCUSSION AND CONCLUSION
Overview
In the present study, I aimed to fulfill three objectives. The first one was to
conceptualize a mentoring model that specifically targeted mentees’ self-efficacy, which
my literature review suggested to be a significant predictor of an individual’ choice of an
activity, and in this case, youths’ participation in computer science. To do that, I designed
a mentoring modeling around the three sources of self-efficacy: enactive experience,
vicarious experience, and verbal persuasion (Bandura, 1977, 1986, 1997). The goal of
doing so was to leverage the social influences of mentors to improve mentees’ efficacious
beliefs. Also, by reinforcing age and competence proximity between mentors and
mentees (thus near-peer-ship), the model aimed to increase the credibility of the nearpeer mentors and augment their influences on mentees’ self-efficacy. Specifically, the
near-peer mentoring model operationalized the three sources of self-efficacy (i.e.,
vicarious experience, enactive experience, and verbal persuasion) as modeling,
instructive feedback, and encouragement, respectively, and integrated them into the nearpeer mentors’ mentoring practices. The second objective was to design a training model
based on the conceptual near-peer mentoring model and implement it in the context of a
summer programming camp for middle-school-aged students. The third objective was to
investigate the effectiveness of the near-peer mentoring model in improving the campers’
self-efficacy in programming, and the predictive relationships between the three
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mentoring practices (i.e., modeling, instructive feedback, and verbal persuasion) and
campers’ self-efficacy. Additionally, as literature suggested that men and women
weighed the sources of self-efficacy differently when judging their own abilities, camper
gender was therefore included as another variable when evaluating the model’s
effectiveness and effects on campers’ self-efficacy. In order to accomplish the last
objective, I used these questions: (a) does mentees’ self-efficacy in programming increase
after attending the camp? Is there a difference in the post-camp self-efficacy as a function
of mentee gender? (b) Do the near-peer mentors’ act of modeling, instructive feedback,
and verbal persuasion predict mentees’ post-camp self-efficacy? Do we see differences in
these predictive relationships between female and male mentees? (c) How, if at all, do
mentees describe their mentors’ modeling, instructive feedback, and verbal persuasion?
Summary of Findings
I employed a mixed-methods approach to examining the near-peer mentoring
model. Comparison of quantitative and qualitative findings revealed both congruency and
divergence. The quantitative and qualitative findings converged to show the improvement
of campers’ self-efficacy after attending the camp. Moreover, the quantitative result did
not observe a significant difference in the change of self-efficacy between girl and boy
campers. Consistent with this quantitative result, the qualitative data also did not produce
evidence to show girls and boys described their growths of skills differently.
As to the relationships between the three mentoring practices and self-efficacy,
camper gender, and self-efficacy, the quantitative findings showed that (a) apart from
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pre-self-efficacy, mentors’ verbal persuasion had the most impactful effect on campers’
post-camp self-efficacy, and (b) camper gender did not moderate the mentoringpractices-self-efficacy relationships. On one hand, the qualitative data presented similar
findings in regard to these relationships. Specifically, the qualitative data showed that
while mentors’ act of modeling and instructive feedback were helpful in enhancing
campers’ learning as well as changing certain aspects of their affect (other than selfefficacy), only mentors’ persuasion had a direct and impactful effect on campers’
efficacious beliefs. In addition, no such pattern was observed in the qualitative data that
girls and boys described the three mentoring practices and their impacts differently. Apart
from the convergent evidence, the quantitative and qualitative findings also revealed a
discrepancy in how campers perceived/described some of the mentoring practices. While
the survey responses recorded a positive rating of mentors’ act of modeling, including
both performance and attitudinal modeling, several campers mentioned in the interviews
that their mentors did not do performance modeling and also none of the campers I
interviewed seemed to have noticed their mentors’ act of attitudinal modeling. In the
following section, I discuss how these findings inform us of the effectiveness of the nearpeer mentoring model.
Discussion of Findings
Change in Self-Efficacy and Effectiveness
of the Near-Peer Mentoring Model
Although the result that campers’ self-efficacy increased significantly from pre- to
post-camp implies the effectiveness of the near-peer mentoring model, it cannot warrant a
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causal relationship between the observed change in self-efficacy and the near-peer
mentoring model (due to lack of a control group). However, the qualitative findings show
that the near-peer mentoring model at least factored in the change in campers’ selfefficacy. For example, most campers agreed that their mentors were “helpful,” and
attributed the growth of their coding skills to the help and guidance of mentors. This
finding indicates the facilitative role the near-peer mentors played in campers’ learning.
In other words, it shows that the near-peer mentors enhanced campers’ enactive
experience, which, in turn, projected to the latter’s appraisals of their own abilities.
Furthermore, socio-cognitive theorists (e.g., Bandura, 1986; Lent et al., 1994)
contend that behavior is subject to the influence of environment and behavior impacts
affect. Or as Bandura (1977) explained, an adverse environment interferes performance,
and deficit performance lowers efficacy expectations. Therefore, a central premise of the
model was to create a socially supportive environment where the campers’ “deficiency”
and mistakes were tolerated so as to protect the campers’ confidence and also promote
their participation and engagement in programming (see Chapter II). In the interviews, I
saw that the near-peer mentors helped create a welcoming and secure context for the
campers to learn and do programming within. For example, in support of this claim is the
mention that the near-peer mentors were “fun” to be around and work with. Furthermore,
the campers also stated in the interviews that the near-peer mentors helped reduce their
stress and made them feel comfortable to do programming. This finding is consistent with
the goal of providing a secure environment.
The quantitative and qualitative findings also converged to show that the change
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in self-efficacy was independent of camper gender. Put differently, both girls and boys
increased their self-efficacy after attending the camp. In combination with the findings
pertinent to its effectiveness, a tentative conclusion is inferred that the near-peer
mentoring model may not influence self-efficacy differently due to camper gender.
However, this conclusion is not definitive, again, due to the lack of a control group and
requires further investigation in the future.
In summary, although the quantitative finding cannot show the near-peer
mentoring model caused the changes in campers’ self-efficacy, these qualitative findings
(i.e., mentors enhanced campers’ enactive experience and created a socially supportive
environment) instantiate how the mentors contributed to the development of campers’
beliefs in their programming abilities, suggesting the model’s efficacy. Also, no evidence
was found to show the model had a discriminant effect in improving girls’ and boys’ selfefficacy. However, further research is needed to confirm this.
Campers’ Experiences with the Three
Mentoring Practices
Before delving into the question how the model worked to influence self-efficacy,
I first discuss campers’ experience with the three mentoring practices constituent of the
near-peer mentoring model. As mentioned above, the quantitative results seem to
contradict qualitative findings concerning campers’ experience with mentors’ act of
modeling. As a reminder, the descriptive statistics indicated a positive rating for mentors’
acts of both performance and attitudinal modeling, but the interview data suggested that
some mentors did not provide performance modeling and campers did not notice
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mentors’ modeling their affective attitudes. A plausible explanation for this incongruity is
that when the campers responded to the survey questions, they were most likely under the
influence of the halo effect—a tendency for a person to rate another individual’s
behaviors based on his/her early impressions of that same individual (Gall, Gall, & Borg,
2007). As this can be seen from the qualitative findings, the campers spoke fondly of
their mentors, that is, how helpful the mentors were and how they made the learning
experience enjoyable. In other words, the general positive feelings toward the mentors
biased the campers’ survey responses (i.e., biased upwards), causing the incongruity
between the quantitative observations and qualitative anecdotes.
In addition, it is important to point out that this incongruity also raises a concern
about the reliability of the modeling measure, because due to the halo effect, the observed
survey responses about modeling were likely to not truthfully reflect the campers’ actual
experiences. In other words, the observed scores probably contained a fair amount of
measurement errors. However, result of the CTT (Classical Test Theory) models showed
that the modeling measure was highly reliable, stratified α = .98. This is because the CTT
models do not handle well systematic errors (i.e., the consistent resultant bias from the
halo effect; Kline, 2005). Therefore, the modeling measure might not be as much reliable
as the CTT model showed, which, consequently, may have biased the results of the
regression model. As one example, the observed relationship between modeling and selfefficacy may be different in terms of either statistical significance, or magnitude, or both.
I will revisit in the following section how this affects interpretation of the findings about
the predictive relationships between the mentoring practices and self-efficacy.
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As to the other practices of instructive feedback and verbal persuasion, there was
no apparent contradiction between the quantitative and qualitative findings. The
qualitative findings showed that all the mentors performed verbal persuasion primarily in
the form of motivational messages during the camp. Additionally, although a
considerable portion of mentors’ help was to help campers, for example, locate a
programming block or clarify the instruction, there was evidence showing the mentors
used the proposed strategies (e.g., questioning and elaborated feedback) to frame their
instructive feedback. In short, the qualitative findings confirmed the quantitative findings
regarding instructive feedback and verbal persuasion, indicating the validity of the survey
responses to those two measures.
Predicative Relationships Between the Three
Mentoring Practices and Self-Efficacy
Verbal persuasion. In regard to what element(s) of the near-peer mentoring
model factored in promoting campers’ self-efficacy, comparison of the quantitative and
qualitative findings indicated mentor verbal persuasion being the most significant
contributor of the three proposed practices, with the other two as modeling and
instructive feedback. This finding confirms verbal persuasion as a source of self-efficacy
and is in line with existing studies showing its effectiveness in raising self-efficacy (e.g.,
Burgers, Eden, Van Engelenburg, & Buningh, 2015; Falco & Summers, 2019; Sheu et al.,
2018; Usher & Pajares, 2008). For example, a most recent meta-analytic study (Sheu et
al., 2018) showed that after accounting for the other sources, verbal persuasion was
significantly correlated to self-efficacy in STEM fields. Also, Falco and Summers found
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that family and peer persuasion were significant predicators of middle-school students’
STEM courses self-efficacy.
Modeling. It is surprising to see that the modeling did not contribute much to
self-efficacy, because a number of studies that intervened on vicarious modeling have
corroborated its utility in fostering self-efficacy (e.g., Hoogerheide, van Wermeskerken,
et al., 2016; Huang, 2017; Selzler, Rogers, Berry, & Stickland, 2020). In regard to why
this finding, part of the reason was probably due to the unreliability of the observed
scores of modeling. As discussed above, modeling was likely biased upwards because of
the halo effect, and one result of this bias was the increased multicollinearity between the
three mentoring practices, which consequently subsumed the unique shared variance
between modeling and self-efficacy in the regression analysis.
In addition to the statistical explanation, the qualitative findings provided more
insightful information as to why mentors’ act of modeling did not work. First, campers’
previous programming experience may probably have weakened the modeling
(performance modeling in particular) effect. According to Bandura (1977, 1986, 1997)
and Schunk (1991, 1995), behavioral or performance modeling was most effective for
people with no or limited knowledge of the task they were to perform because from
watching the models, people could learn the essential skills to complete the task and also
know what to expect. However, the qualitative findings showed that a majority of the
interviewees (i.e., 18 out of 31) were to some extent acquainted with programming before
the camp. This meant that these campers had had somewhat experience with debugging
and when mentors modeled how to debug, it did not provide new information that they
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could use to judge their abilities. In other words, previous experience may have
desensitized campers’ susceptibility to the influence of modeling, which may have been
effective for novice learners. In support of this postulation is the finding that the two
campers who stated that watching their mentor debug increased their self-efficacy in
doing debugging had no previous programming experience. Furthermore, this claim that
previous experience neutralized the effect of performance modeling also has support in
the literature (e.g., Gilbert et al., 1982; Klorman, Hilpert, Michael, LaGana, & Sveen,
1980). For example, Klorman et al. found that watching a modeling film significantly
reduced the anxiety of inexperienced patients in going through a dental procedure, while
the same film was not effective for experienced patients in anxiety reduction.
Second, the perceived task difficulty may also have played a role in reducing the
effect of modeling, particularly attitudinal modeling. Originally, the goal of attitudinal
modeling was to ask mentors to model their resilience and persistence in the face of
challenges and difficulties. However, the qualitative data revealed that most of the
interviewees perceived programming to be not that difficult. As a result, this probably
reduced the credibility and relevance of mentors’ recounts of how they persisted and
overcame the difficulties. Put differently, it is likely that the act of attitudinal modeling
did not even capture campers’ attention, which explained there was no mention of
mentors modeling their attitudes in the interviews.
The qualitative data also suggested a third reason for the weak predictive
relationship between modeling and self-efficacy. Namely, it appears that mentors’ act of
modeling did not directly influence campers’ self-efficacy but via its impact on the
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latter’s enactive experiences. For example, a number of campers noted in the interviews
that they learned how to debug from watching the mentors do it. Also, app previews (an
activity was originally designed to facilitate attitudinal modeling) granted campers a
vision of what the end product looked like and new ideas about how to program their own
apps, and also motivated them to invest more efforts in programming. All these findings
suggested that mentors’ act of modeling was more powerful in improving campers’
enactive experiences than their affective experiences. Similarly, Capa-Aydin et al. (2018)
also found that enactive experience mediated the relationship between vicarious
experience and high-school students’ chemistry self-efficacy.
After examining the qualitative findings, I want to address the concern discussed
above: whether and how the unreliability of the modeling measure affected the
conclusion about the predictive relationship between modeling and self-efficacy. As the
qualitative findings showed, the modeling effect may likely have been diminished by
campers’ previous experience and perceptions of task difficulty. The qualitative data also
showed that the modeling effect was more directed to campers’ enactive experience than
affective experience. These findings are consistent with the result of the regression model
in that mentors’ act of modeling had limited impact on campers’ self-efficacy. In other
words, the quantitative finding of the predictive relationship between modeling and selfefficacy is valid. As such, the upward bias of the modeling measure may only affect its
bivariate correlation to self-efficacy, inflating the magnitude and probably significance of
the relationship.
Instructive feedback. Contradictory to findings of some studies about the
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predictive relationship between instructive feedback and self-efficacy (Lee & Evans,
2019; K.-H. Yang & Wu, 2013), the quantitative analysis did not find a substantial
relationship between the two. This finding was quite unexpected and against the
hypothesis of the near-peer mentoring model. However, a re-examination of the model
revealed the cause of this problem. As the near-peer mentoring model specified (see
Figure 1), instructive feedback does not have a direct path to self-efficacy; instead, the
path between instructive feedback and self-efficacy is mediated by enactive experience.
Stated differently, instructive feedback does not directly influence or predict self-efficacy
but via the mediation of enactive experience. This explains the non-significant result
since the statistical model did not include a mediator variable representing enactive
experience.
The qualitative findings also support the conjecture about the instructivefeedback-and-self-efficacy relationship. Specifically, while there were not many
comments in the qualitative data that linked mentors’ instructive feedback to campers’
self-efficacy, yet, there were a massive body of camper remarks highlighting that mentor
feedback benefited their coding skills. Additionally, the strategies that the mentors used
to frame their instructive feedback were also effective in promoting performance and
mastery as shown in other studies (S. D. Craig, Gholson, Brittingham, Williams, &
Shubeck, 2012; Gholson et al., 2009; Hushman & Marley, 2015; Narciss & Huth, 2006).
As one example, questions were mentioned in the qualitative data as a common strategy
the mentors used during instruction, and they have the advantage of promoting selfexplanations that lead to better learning (S. D. Craig et al., 2012; Gholson et al., 2009).
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Similarly, Hushman and Marley also found that instruction that encouraged studentgenerated explanations had greater benefits on elementary students’ science learning and
self-efficacy than direct instruction (that resembled a traditional lecture) and minimal
instruction. Moreover, help in the guise of questions is less salient to campers and can
mitigate their sense of incompetence. According to Bandura (1977, 1986, 1997),
excessive help lowers efficacy expectations because people may attribute their success to
the help rather than their abilities. In addition, the qualitative data also showed that
mentors’ instructive feedback preserved campers’ autonomy in overcoming the
difficulties and challenges by themselves and foster a sense of accomplishment, which
mediates the effect of instructive feedback on self-efficacy.
Moderation effect of camper gender. Although the descriptive statistics showed
that girls rated the three mentoring practices consistently lower than boys, the regression
model did not find the effects of the three practices on self-efficacy to vary by camper
gender. The qualitative data also did not show an evident pattern suggesting the three
mentoring practices influenced girls and boys differently. This finding is inconsistent
with existing evidence showing that the impacts of sources of self-efficacy are different
to females and males (Usher & Pajares, 2008; Webb-Williams, 2018; Zeldin et al., 2008).
For example, Webb-Williams found that the science self-efficacy of elementary boys was
more influenced by enactive experience, while girls’ was influenced by vicarious
experience and physiological states. The nondetection of the moderation effect in the
present study is probably due to the small sample size.
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Limitations and Future Studies
The present study has a few notable limitations. First, as mentioned previously,
the small sample size limited the predictive power of detecting the possible moderation
effect of camper gender on the effects of the three mentoring practices. A second
limitation lies in the lack of a control group to check and validate the effectiveness of the
near-peer mentoring model in improving self-efficacy. As such, future studies could
continue with a large sample size and setting up a control group. Furthermore, recall that
the near-peer mentoring model was designed upon the premise that perceived similarity
could augment mentors’ social influences on mentees’ efficacious beliefs. The model
further defined similarity in respect to age and competence proximity and assumed that
similarity in other biological attributes such as gender (i.e., mentor-mentee gender
matching) did not affect the model’s effectiveness. While the present study examined the
age-competence-proximity assumption, it did not test the assumption about mentor
gender. In other words, the present study cannot answer the question regarding whether
or not there is a difference between female and male mentors in respect to their
effectiveness in executing the model. Also, this study cannot answer the question
regarding whether mentor gender affects mentees’ perceptions of mentor similarity.
Future studies are needed to explore these questions.
Second, as the qualitative findings showed, campers’ previous experience and
enactive experience may have moderated and mediated the modeling effect respectively,
while a sense of accomplishment and enactive experience mediated the effect of
instructive feedback. Therefore, scholars could also test these moderation and mediation
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effects in future studies.
Third, although there was no evidence in the present study in support of this, yet,
Bandura (1986) noted that people have difficult in processing multiple sources of
efficacy-relevant information and usually mis-weigh or ignore some information. Thus, it
will be helpful for future studies to check for this phenomenon while using the near-peer
mentoring model.
Fourth, recent empirical evidence about factors influencing impacts of selfefficacy information also has pointed out the directions of future studies. For example,
one study (Ahn, Usher, Butz, & Bong, 2016) found that the depending on who delivered
these, modeling and feedback were interpreted and appraised differently across cultures.
Furthermore, another study (Byars-Winston, Diestelmann, Savoy, & Hoyt, 2017) showed
that compared to young adults, younger children’s self-efficacy beliefs were more
malleable and more sensitive to the influence of efficacy-relevant information. As such,
future studies may consider testing the effectiveness of the near-peer mentoring on
students from different ethnic and/or age groups.
Conclusion
Self-efficacy is a major determinant of academic and career choice behaviors and
low self-efficacy is an important factor that precludes youth’s participation in computer
science. Therefore, in the present study, I designed a near-peer mentoring model around
the three types of efficacy-relevant information (Bandura, 1977, 1986, 1997) and tested
its effectiveness in raising youth’s self-efficacy in programming in the context of a
summer programming camp. In order to answer the questions about the efficacy of the
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mentoring model and what element(s) contributed to its success, I used a concurrent
embedded mixed-methods design. Data were collected from pre-post surveys and camper
interviews. Comparison of quantitative and qualitative findings shows that the near-peer
mentoring model has a potential in increasing youth’s self-efficacy regardless of their
gender. It is also found that encouragement is important for fostering self-efficacy and
while they do not directly influence self-efficacy, modeling and instructive feedback
enhance campers’ learning experience, which, in turn, boosts self-efficacy. The present
study also provides examples of how to train mentors to do modeling and provide
instructive and encouraging feedback, which may be helpful for programs that use
mentors to recruit youth to CS.

119
REFERENCES
Agbo, A. A. (2010). Cronbach’s alpha: Review of limitations and associated
recommendations. Journal of Psychology in Africa, 20(2), 233–239.
https://doi.org/10.1080/14330237.2010.10820371
Ahn, H. S., Usher, E. L., Butz, A., & Bong, M. (2016). Cultural differences in the
understanding of modelling and feedback as sources of self-efficacy information.
British Journal of Educational Psychology, 86(1), 112–136. https://doi.org/
10.1111/bjep.12093
Aish, N., Asare, P., & Miskioglu, E. E. (2017). People like me: Increasing likelihood of
success for underrepresented minorities in STEM by providing realistic and
relatable role models. In 2017 IEEE Frontiers in Education Conference (pp. 83–
89). Indianapolis, IN: IEEE. https://doi.org/10.1109/FIE.2017.8190454
Allen, T. D., Day, R., & Lentz, E. (2005). The role of interpersonal comfort in mentoring
relationships. Journal of Career Development, 31(3), 155–169. https://doi.org/
10.1007/s10871-004-2224-3
Alpert, R., & Haber, R. N. (1960). Anxiety in academic achievement situations. The
Journal of Abnormal and Social Psychology, 61(2), 207–215.
Alshahrani, A., Ross, I., & Wood, M. I. (2018). Using social cognitive career theory to
understand why students choose to study computer science. In Proceedings of the
2018 ACM Conference on International Computing Education Research (pp.
205–214). Espoo, Finland. https://doi.org/10.1145/3230977.3230994
American Association of University Women. (2018). The simple truth about the gender
pay gap. Washington, DC: Author. Retrieved from https://www.aauw.org/
resources/research/simple-truth/
Ashcraft, C., Eger, E., & Friend, M. (2012). Girls in IT: The facts. Boulder, CO: National
Center for Women & IT.
Azevedo, R., & Bernard, R. M. (1995, April). The effects of computer-presented feedback
on learning from computer-based instruction: A meta-analysis. Paper presented at
the annual meeting of the American Educational Research Association, San
Francisco, CA. Retrieved from https://files.eric.ed.gov/fulltext/ED385235.pdf
Bain, C. D., & Rice, M. L. (2006). The influence of gender on attitudes, perceptions, and
uses of technology. Journal of Research on Technology in Education, 39(2), 119–
132. https://doi.org/10.1080/15391523.2006.10782476

120
Baker, L. J., Snow, E., Garvin-Doxas, K., & Weston, T. (2006). Recruiting middle school
girls into IT: Data on girls’ perceptions and experiences from a mixeddemographic group. In J. McGrath Cohoon & W. Aspray (Eds.), Women and
information technology: Research on underrepresentation (pp. 115–135).
Cambridge, MA: The MIT Press.
Bamberger, Y. M. (2014). Encouraging girls into science and technology with feminine
role model: Does this work? Journal of Science Education and Technology, 23(4),
549–561. https://doi.org/10.1007/s10956-014-9487-7
Bandura, A. (1977). Self-efficacy: Toward a unifying theory of behavioral change.
Psychological Review, 84(2), 191-215.ttps://doi.org/10.1037/0033-295X.84.2.191
Bandura, A. (1981). Self-referent thought: A developmental analysis of self-efficacy. In
J. H. Flavell & L. Ross (Eds.), Social cognitive development: Frontiers and
possible futures (pp. 200–239). Cambridge, MA: Cambridge University Press.
Bandura, A. (1986). Social foundations of thought and action: A social cognitive theory.
Englewood Cliffs, NJ: Prentice-Hall. https://doi.org/http://dx.doi.org/
10.1037/13273-005
Bandura, A. (1993). Perceived self-efficacy in cognitive development and functioning.
Educational Psychologist, 28(2), 117–148. https://doi.org/10.1207/s15326985
ep2802_3
Bandura, A. (1997). Self-efficacy: The exercise of control. New York, NY: Freeman and
Company. https://doi.org/10.1007/SpringerReference_223312
Bandura, A., & Adams, N. E. (1977). Analysis of self-efficacy theory of behavioral
change. Cognitive Therapy and Research, 1(4), 287–310. https://doi.org/
10.1007/BF01663995
Bandura, A., Blanchard, E. B., & Ritter, B. (1969). The relative efficacy of
desensitization and modeling approaches for inducing behavioral, affective, and
attitudinal changes. Journal of Personality and Social Psychology, 13(3), 173–
199.
Baylor, A. L., & Kim, Y. (2004). Pedagogical agent design: The impact of agent realism,
gender, ethnicity, and instructional role. In J. C. Lester, R. M. Vicari, & F.
Paraguaçu (Eds.), Intelligent tutoring systems (pp. 592–603). Berlin, Heidelberg:
Springer Berlin Heidelberg.
Beyer, S. (2014). Why are women underrepresented in computer science? Gender
differences in stereotypes, self-efficacy, values, and interests and predictors of
future CS course-taking and grades. Computer Science Education, 24(2–3), 153–
192. https://doi.org/10.1080/08993408.2014.963363

121
Blalock, H. M. J. (1963). Correlated independent variables: The problem of
multicollinearity. Social Forces, 42(2), 233–237. https://doi.org/10.1093/
sf/42.2.233
Blaney, J. M., & Stout, J. G. (2017). Examining the relationship between introductory
computing course experiences, self-efficacy, and belonging among firstgeneration college women. In Proceedings of the Conference on Integrating
Technology into Computer Science Education, ITiCSE (pp. 69–74). Seattle, WA.
https://doi.org/10.1145/3017680.3017751
Bureau of Labor Statistics. (2018). Computer and information technology occupations.
Retrieved from https://www.bls.gov/ooh/computer-and-informationtechnology/home.htm
Burgers, C., Eden, A., Van Engelenburg, M. D., & Buningh, S. (2015). How feedback
boosts motivation and play in a brain-training game. Computers in Human
Behavior, 48, 94–103. https://doi.org/10.1016/j.chb.2015.01.038
Byars-Winston, A., Diestelmann, J., Savoy, J. N., & Hoyt, W. T. (2017). Unique effects
and moderators of effects of sources on self-efficacy: A model-based metaanalysis. Journal of Counseling Psychology, 64(6), 645–658. https://doi.org/
10.1037/cou0000219
Byrne, B. M., Shavelson, R. J., & Muthén, B. (1989). Testing for the equivalence of
factor covariance and mean structures: The issue of partial measurement
invariance. Psychological Bulletin, 105(3), 456–466. https://doi.org/10.1037/
0033-2909.105.3.456
Camp, T. (2012). 'Computing, we have a problem ….’ ACM Inroads, 3(4), 34–40.
Capa-Aydin, Y., Uzuntiryaki-Kondakci, E., & Ceylandag, R. (2018). The relationship
between vicarious experience, social persuasion, physiological state, and
chemistry self-efficacy: The role of mastery experience as a mediator. Psychology
in the Schools, 55(10), 1224–1238. https://doi.org/10.1002/pits.22201
Cassady, J. C., & Johnson, R. E. (2002). Cognitive test anxiety and academic
performance. Contemporary Educational Psychology, 27(2), 270–295.
https://doi.org/10.1006/ceps.2001.1094
Cheryan, S., Drury, B. J., & Vichayapai, M. (2013). Enduring influence of stereotypical
computer science role models on women’s academic aspirations. Psychology of
Women Quarterly, 37(1), 72–79. https://doi.org/10.1177/0361684312459328

122
Cheryan, S., Plaut, V. C., Davies, P. G., & Steele, C. M. (2009). Ambient belonging:
How stereotypical cues impact gender participation in computer science. Journal
of Personality and Social Psychology, 97(6), 1045–1060. https://doi.org/10.1037/
a0016239
Cheryan, S., Plaut, V. C., Handron, C., & Hudson, L. (2013). The stereotypical computer
scientist: Gendered media representations as a barrier to inclusion for women. Sex
Roles, 69(1–2), 58–71. https://doi.org/10.1007/s11199-013-0296-x
Cho, E., & Kim, S. (2015). Cronbach’s coefficient alpha: Well known but poorly
understood. Organizational Research Methods, 18(2), 207–230. https://doi.org/
10.1177/1094428114555994
Clarke-Midura, J., Poole, F., Pantic, K., Hamilton, M., Sun, C., & Allan, V. (2018). How
near peer mentoring affects middle school mentees. In Proceedings of the 49th
ACM Technical Symposium on Computer Science Education (pp. 664–669).
Baltimore, MD.
Clarke-Midura, J., Sun, C., Pantic, K., Poole, F., & Allan, V. (2019). Using informed
design in informal computer science programs to increase youths’ interest, selfefficacy, and perceptions of parental support. ACM Transactions on Computing
Education, 19(4), Article 37. https://doi.org/10.1145/3319445
Cohoon, J., & Aspray, W. (2006). A critical review of the research on women’s
participation in postsecondary computing education. In J. McGarth Cohoon & W.
Aspray (Eds.), Women and information technology: Research on
underrepresentation (pp. 138–180). Cambridge, MA: The MIT Press.
https://doi.org/10.7551/mitpress/9780262033459.003.0005
Compeau, D. R., & Higgins, C. A. (1995). Application of social cognitive theory to
training for computer skills. Information Systems Research, 6(2), 118–143.
ComputerScience.org. (2018). The current state of women in computer science. Retrieved
from https://www.computerscience.org/resources/women-in-computer-science/
Cortina, J. M. (1993). What is coefficient alpha? An examination of theory and
applications. Journal of Applied Psychology, 78(1), 98–104.
Craig, A. (1998). Peer mentoring female computing students: Does it make a difference?
In Proceedings of the third Australasian conference on Computer science
education (pp. 41–47). Brisbane, QLD, Australia. https://doi.org/10.1145/
289393.289401

123
Craig, S. D., Gholson, B., Brittingham, J. K., Williams, J. L., & Shubeck, K. T. (2012).
Promoting vicarious learning of physics using deep questions with explanations.
Computers and Education, 58(4), 1042–1048. https://doi.org/10.1016/
j.compedu.2011.11.018
Craig, S. D., Sullins, J., Witherspoon, A., & Gholson, B. (2006). The deep-levelreasoning-question effect : The role of dialogue and deep-level-reasoning
questions during vicarious learning. Cognition and Instruction, 24(4), 565–591.
Creswell, J. W. (2013). Qualitative inquiry and research design: Choosing among five
approaches. Los Angeles, CA: SAGE.
Creswell, J. W. (2014). Research design: Qualitative, quantitative, and mixed methods
approaches (4th ed.). Thousand Oaks, CA: SAGE. https://doi.org/10.1192/
bjp.111.479.1009-a
Creswell, J. W., & Plano Clark, V. L. (2018). Designing and conducting mixed methods
research (3rd ed.). Thousand Oaks, CA: SAGE.
Cronbach, L. J., Schönemann, P., & McKie, D. (1965). Alpha coefficients for stratifiedparallel tests. Educational and Psychological Measurement, 25(2), 291–312.
Drasgow, F. (1984). Scrutinizing psychological tests: Measurement equivalence and
equivalent relations with external variables are the central issues. Psychological
Bulletin, 95(1), 134–135. https://doi.org/10.1037/0033-2909.95.1.134
Drury, B. J., Siy, J. O., & Cheryan, S. (2011). When do female role models benefit
women? The importance of differentiating recruitment from retention in STEM.
Psychological Inquiry, 22(4), 265–269. https://doi.org/10.1080/
1047840X.2011.620935
Eby, L. T., McManus, S. E., Simon, S. A., & Russell, J. E. A. (2000). The protege’s
perspective regarding negative mentoring experiences: The development of a
taxonomy. Journal of Vocational BehaviorJournal of Vocational Behavior, 57, 1–
21.
Elliott, V. (2018). Thinking about the coding process in qualitative data analysis. The
Qualitative Report, 23(11), 2850–2861.
Falco, L. D., & Summers, J. J. (2019). Social persuasions in math and their prediction of
STEM courses self-efficacy in middle school. The Journal of Experimental
Education. https://doi.org/10.1080/00220973.2019.1681350
Feldt, L. S., & Brennan, R. L. (1989). Reliability. In R. L. Linn (Ed.), The American
Council on Education/Macmillan series on higher education. Educational
measurement (pp. 105–146). New York, NY: Macmillan.

124
Fennema, E., & Sherman, J. A. (1976). Fennema-Sherman mathematics attitudes scales :
Instruments designed to measure attitudes toward the learning of mathematics by
females and males. Journal for Research in Mathematics Education, 7(5), 324–
326.
Friedman, J., Hastie, T., & Tibshirani, R. (2010). Regularization paths for generalized
linear models via coordinate descent. Journal of Statistical Software, 33(1), 1–22.
Friend, M. (2015). Middle school girls’ envisioned future in computing. Computer
Science Education, 25(2), 152–173. https://doi.org/10.1080/08993408.2015.
1033128
Fryling, M., Egan, M., Flatland, R. Y., Vandenberg, S., & Small, S. (2018). Catch ’em
Early : Internship and Assistantship CS Mentoring Programs for Underclassmen.
In Proceedings of the 49th ACM Technical Symposium on Computer Science
Education (pp. 658–663). Baltimore, MD.
Gall, M. D., Gall, J. P., & Borg, W. R. (2007). Educational research: An introduction (8th
ed.). Boston, MA: Pearson/Allyn & Bacon.
Gholson, B., & Craig, S. D. (2006). Promoting constructive activities that support
vicarious learning during computer-based instruction. Educational Psychology
Review, 18(2), 119–139. https://doi.org/10.1007/s10648-006-9006-3
Gholson, B., Whiterspoon, A., Morgan, B., Brittingham, J. K., Coles, R., Graesser, A.
C., … Craig, S. D. (2009). Exploring the deep-level reasoning questions effect
during vicarious learning among eighth to eleventh graders in the domains of
computer literacy and Newtonian physics. Instructional Science, 37(5), 487–493.
https://doi.org/10.1007/s11251-008-9069-2
Gilbert, B. O., Johnson, S. B., Spillar, R., McCallum, M., Silverstein, J. H., &
Rosenbloom, A. (1982). The effects of a peer-modeling film on children learning
to self-inject insulin. Behavior Therapy, 13(2), 186–193. https://doi.org/10.1016/
S0005-7894(82)80062-2
Gist, M. E., Schwoerer, C., & Rosen, B. (1989). Effects of alterniative training methods
on self-efficacy and performance in computer software training. Journal of
Applied Psychology, 74(6), 884–891.
Goode, J., Estrella, R., & Margolis, J. (2006). Lost in translation: Gender and high school
computer science. In J. McGrath Cohoon & W. Aspray (Eds.), Women and
information technology: Research on underrepresentation (pp. 108–133).
Cambridge, MA: MIT Press. Retrieved from http://outoftheloop.gseis.ucla.edu/
pdf/LostInTranslation.pdf

125
Greene, J. C., Carcelli, V. J., & Graham, W. F. (1989). Toward a conceptual framework
for mixed-method evaluation designs. Educationl Evaluation and Policy Analysis,
11(3), 255–274.
Gürer, D., & Camp, T. (2001). Investigating the incredible shrinking pipeline for women
in computer science. Retrieved from http://women.acm.org/archives/documents/
finalreport.pdf
Hattie, J., & Timperley, H. (2007). The power of feedback. Review of Educational
Research, 77(1), 81–112. https://doi.org/10.3102/003465430298487
He, Q. (2010). Estimating the reliability of composite scores. The Office of Qualifications
and Examinations Regulations. Retrieved from
papers2://publication/uuid/15A0667E-3E0A-4A51-AD79-9E9AC8BFF9CD
Helwig, N. E. (2017). Adding bias to reduce variance in psychological results: A tutorial
on penalized regression. The Quantitative Methods for Psychology, 13(1), 1–19.
https://doi.org/10.20982/tqmp.13.1.p001
Hewlett, S. A., Marshall, M., & Sherbin, L. (2013). How diversity can drive innovation.
Harvard Business Review, (December), 2.
Hodari, A. K., Ong, M., Ko, L. T., & Kachchaf, R. R. (2014). New enactments of
mentoring and activism: U.S. women of color in computing education and
careers. In Proceedings of the Tenth Annual Conference on International
Computing Education Research (pp. 83–90). Glasgow, Scotland, United
Kingdom. https://doi.org/10.1145/2632320.2632357
Hoerl, A. E., & Kennard, R. W. (1970). Ridge regression: Biased estimation for
nonorthogonal problems. Technometrics, 12(1), 55–67. https://doi.org/
10.1080/00401706.1970.10488634
Hoogerheide, V., Loyens, S. M. M., & van Gog, T. (2016). Learning from video
modeling examples: Does gender matter? Instructional Science, 44(1), 69–86.
https://doi.org/10.1007/s11251-015-9360-y
Hoogerheide, V., van Wermeskerken, M., Loyens, S. M. M., & van Gog, T. (2016).
Learning from video modeling examples: Content kept equal, adults are more
effective models than peers. Learning and Instruction, 44, 22–30.
https://doi.org/10.1016/j.learninstruc.2016.02.004
Hoogerheide, V., van Wermeskerken, M., van Nassau, H., & van Gog, T. (2017). Modelobserver similarity and task-appropriateness in learning from video modeling
examples: Do model and student gender affect test performance, self-efficacy, and
perceived competence? Computers in Human Behavior, 1–8. https://doi.org/
10.1016/j.chb.2017.11.012

126
Huang, X. (2017). Example-based learning: Effects of different types of examples on
student performance, cognitive load and self-efficacy in a statistical learning task.
Interactive Learning Environments, 25(3), 283–294. https://doi.org/10.1080/
10494820.2015.1121154
Hushman, C. J., & Marley, S. C. (2015). Guided instruction improves elementary student
learning and self-efficacy in science. Journal of Educational Research, 108(5),
371–381. https://doi.org/10.1080/00220671.2014.899958
Janeja, V. P., Faridee, A. Z., Gangopadhyay, A., Seaman, C., & Everhart, A. (2018).
Enhancing interest in cybersecurity careers: A peer mentoring perspective. In
Proceedings of the 49th ACM Technical Symposium on Computer Science
Education (pp. 384–389). Baltimore, Maryland.
Johnson, R. B., & Onwuegbuzie, A. J. (2004). Mixed methods research: A research
paradigm whose time has come. Educational Researcher, 33(7), 14–26.
https://doi.org/10.3102/0013189X033007014
Johnson, R. B., Onwuegbuzie, A. J., & Turner, L. A. (2007). Toward a definition of
mixed methods research. Journal of Mixed Methods Research, 1(2), 112–133.
https://doi.org/10.7748/ns.29.32.41.e8858
Johnson, R. D., & Marakas, G. M. (2000). Research report: The role of behavirol
modeling in computer skills acquisition: Toward refinement of the model.
Information Systems Research, 11(4), 402–417.
Kamata, A., Turhan, A., & Darandari, E. (2003, April). Estimating reliability for
multidimensional composite scale scores. Paper presented at the annual meeting
of American Educational Research Association, Chicago, IL.
Kline, T. J. B. (2005). Psychological testing: A practical approach to design and
evaluation. Thousand Oaks, CA: SAGE.
Klorman, R., Hilpert, P. L., Michael, R., LaGana, C., & Sveen, O. B. (1980). Effects of
coping and mastery modeling on experienced and inexperienced pedodontic
patients’ disruptiveness. Behavior Therapy, 11(2), 156–168. https://doi.org/
10.1016/S0005-7894(80)80016-5
Kluger, A. N., & DeNisi, A. (1996). The effects of feedback interventions on
performance: A historical review, a meta-analysis, and a preliminary feedback
intervention theory. Psychological Bulletin, 119(2), 254–284.
https://doi.org/10.1037/0033-2909.119.2.254

127
Kollöffel, B., & de Jong, T. (2016). Can performance feedback during instruction boost
knowledge acquisition? Contrasting criterion-based and social comparison
feedback. Interactive Learning Environments, 24(7), 1428–1438. https://doi.org/
10.1080/10494820.2015.1016535
Kuhn, M. (2016). Caret: Classification and regression training. Retrieved from
https://cran.r-project.org/web/packages/caret/index.html
Kulkarni, A., Yoon, I., Pennings, P. S., Okada, K., & Domingo, C. (2018). Promoting
diversity in computing. In Proceedings of 23rd Annual ACM Conference on
Innovation and Technology in Computer Science Education (pp. 236–241). New
York, NY.
Lee, M., & Evans, M. (2019). Investigating the operating mechanisms of the sources of
L2 writing self-efficacy at the stages of giving and receiving peer feedback.
Modern Language Journal, 103(4), 831–847. https://doi.org/10.1111/modl.12598
Lehman, K. J., Sax, L. J., & Zimmerman, H. B. (2017). Women planning to major in
computer science: Who are they and what makes them unique? Computer Science
Education, 26(4), 277–298. https://doi.org/10.1080/08993408.2016.1271536
Lent, R. W., Brown, S. D., & Hackett, G. (1994). Toward a unifying social cognitive
theory of career and academic interest, choice, and performance. Journal of
Vocational Behavior, 45, 79–122.
Liew, T. W., Tan, S.-M., & Jayothisa, C. (2013). The effects of peer-like and expert-like
pedagogical agents on learners’ agent perceptions, task-related attitudes, and
learning achievement. Educational Technology and Society, 16(4), 275–286.
Lin, G. Y. (2016). Self-efficacy beliefs and their sources in undergraduate computing
disciplines: An examination of gender and persistence. Journal of Educational
Computing Research, 53, 540–561. https://doi.org/10.1177/0735633115608440
Lockwood, P. (2006). “Someone like me can be successful”: Do college students need
same-gender role models? Psychology of Women Quarterly, 30(1), 36–46.
https://doi.org/10.1111/j.1471-6402.2006.00260.x
Main, J. B., & Schimpf, C. (2017). The underrepresentation of women in computing
fields: A synthesis of literature using a life course perspective. IEEE Transactions
on Education, 60(4), 296–304. https://doi.org/10.1109/TE.2017.2704060
Margolis, J., Fisher, A., & Miller, F. (2000). The anatomy of interest: Women in
undergraduate computer science. Women’s Studies Quarterly, 28(1/2), 104–127.

128
Marx, D. M., & Roman, J. S. (2002). Female role models: Protecting women’s math test
performance. Personality and Social Psychology Bulletin, 28(9), 1183–1193.
https://doi.org/10.1177/01461672022812004
Master, A., Cheryan, S., & Meltzoff, A. N. (2016). Computing whether she belongs:
Stereotypes undermine girls’ interest and sense of belonging in computer science.
Journal of Educational Psychology, 108(3). https://doi.org/10.1037/edu0000061
Maxwell, J. A., & Mittapalli, K. (2010). Realism as a stance for mixed methods research.
In A. Tashakkori & C. Teddlie (Eds.), SAGE handbook of mixed methods in
social & behavioral research (2nd ed., pp. 145–168). Thousand Oaks, CA: SAGE.
McCormack, C., & West, D. (2000). Facilitated group mentoring develops key career
competencies for university women: A case study. Mentoring & Tutoring:
Partnership in Learning, 14(4), 409–431.
McDonald, R. P. (1978). Generalizability in factorable domains: “Domain validity and
generalizability.” Educational and Psychological Measurement, (38), 75–79.
McNeish, D. M. (2015). Using Lasso for predictor selection and to assuage overfitting: A
method long overlooked in behavioral sciences. Multivariate Behavioral
Research, 50(5), 471–484. https://doi.org/10.1080/00273171.2015.1036965
Melkumova, L. E., & Shatskikh, S. Y. (2017). Comparing Ridge and LASSO estimators
for data analysis. In Procedia Engineering (Vol. 201, pp. 746–755). Samara,
Russia: Elsevier Ltd. https://doi.org/10.1016/j.proeng.2017.09.615
Meredith, W. (1993). Measurement invariance, factor analysis and factorial invariance.
Psychometrika, 58(4), 525–543.
Miliszewska, I., & Sztendur, E. M. (2010). Interest in ICT studies and careers:
Perspectives of secondary school female students from low socioeconomic
backgrounds. Interdisciplinary Journal of Information, Knowledge, and
Management, 5, 237–260. https://doi.org/10.28945/1162
Miller, M. B. (1995). Coefficient alpha : A basic introduction from the perspectives of
classical test theory and structural equation modeling. Structural Equation
Modeling, 2(3), 255–273.
Murphey, T., & Arao, H. (2001). Reported belief changes through near peer role
modeling. The Electronic Journal for English as a Second Language, 5(3), 1–15.
Retrieved from http://tesl-ej.org/ej19/a1.html
Murphey, T., & Murakami, K. (1998). Teacher facilitated near peer role modeling for
awareness raising within the zone of proximal development. Academia Literature
and Language, (65), 1–29.

129
Narciss, S., & Huth, K. (2006). Fostering achievement and motivation with bug-related
tutoring feedback in a computer-based training for written subtraction. Learning
and Instruction, 16(4), 310–322. https://doi.org/10.1016/j.learninstruc.
2006.07.003
National Science Board. (2018). Science and engineering indicators 2018. Alexandria,
VA: Author.
National Science Foundation. (2018). Broadening participation in computing:
Directorate for computer information science & engineering. Retrieved from
https://www.nsf.gov/cise/bpc/
Østergaard, C. R., Timmermans, B., & Kristinsson, K. (2011). Does a different view
create something new? The effect of employee diversity on innovation. Research
Policy, 40(3), 500–509. https://doi.org/10.1016/j.respol.2010.11.004
Patton, M. Q. (2001). Qualitative research and evaluative methods (3rd ed.). Thousand
Oaks: SAGE.
Pintrich, P. R., & Schunk, D. H. (2002). Motivation in education: Theory, research, and
applications (2nd ed.). Upper Saddle River, NJ: Prentice Hall.
R Core Team. (2013). R: A language and environment for statistical computing. Vienna,
Austria: R Foundation for Statistical Computing.
Rae, G. (2008). A note on using alpha and stratified alpha to estimate the reliability of a
test composed of item parcels. British Journal of Mathematical and Statistical
Psychology, 61(2), 515–525. https://doi.org/10.1348/000711005X72485
Raykov, T. (1997). Scale reliability, Cronbach’s coefficient alpha, and violations of
essential tau-equivalence with fixed congeneric components. Multivariate
Behavioral Research, 32, 329–353. https://doi.org/10.1207/s15327906mbr3204_2
Rosenberg-Kima, R. B., Baylor, A. L., Plant, E. A., & Doerr, C. E. (2008). Interface
agents as social models for female students: The effects of agent visual presence
and appearance on female students’ attitudes and beliefs. Computers in Human
Behavior, 24(6), 2741–2756. https://doi.org/10.1016/j.chb.2008.03.017
Rosseel, Y. (2012). lavaan: An R package for structural equation modeling. Journal of
Statistical Software, 48(2), 1–36.
Rosson, M. B., Carroll, J. M., & Sinha, H. (2011). Orientation of undergraduates toward
careers in the computer and information sciences: Gender, self-efficacy and social
support. ACM Transactions on Computing Education, 11(3), 14:1-23.
https://doi.org/10.1145/2037276.2037278

130
Sadler, P. M., Sonnert, G., Hazari, Z., & Tai, R. (2012). Stability and volatility of STEM
career interest in high school: A gender study. Science Education, 96(3), 411–
427. https://doi.org/10.1002/sce.21007
Saldaña, J. (2016). The coding manual for qualitative researchers (No. 14). Thousand
Oaks, CA: Sage.
Satorra, A., & Bentler, P. M. (2010). Ensuring positiveness of the scaled difference chisquare test statistic. Psychometrika, 75(2), 243–248. https://doi.org/DOI:
10.1007/S11336-009-9135-Y
Schunk, D. H. (1982). Effects of effort attributional feedback on children’s perceived
self-efficacy and achievement. Journal of Educational Psychology, 74, 548–556.
Schunk, D. H. (1983). Ability versus effort attributional feedback: Differential effects on
self-efficacy and achievement. Journal of Educational Psychology, 75, 848–856.
Schunk, D. H. (1984). Self-efficacy perspective on achievement behavior. Educational
Psychologist, 19, 48–58.
Schunk, D. H. (1987). Peer models and children’s behavioral change. Review of
Educational Research, 57(2), 149–174.
https://doi.org/https://doi.org/10.2307/1170234
Schunk, D. H. (1989). Self-efficacy and achievement behaviors. Educational Psychology
Review, 1, 173–208.
Schunk, D. H. (1991). Self-efficency and academic motivation. Educational
Psychologist, 26(3 & 4), 207–231.
Schunk, D. H. (1995). Self-efficacy, motivation, and performance. Journal of Applied
Sport Psychology, 7(2), 112–137. https://doi.org/10.1080/10413209508406961
Schunk, D. H., & Hanson, A. R. (1985). Peer models: Influence on children’s selfefficacy and achievement. Journal of Educational Psychology, 77, 313–322.
Schunk, D. H., Hanson, A. R., & Cox, P. D. (1987). Peer-model attributes and children’s
achievement behaviors. Journal of Educational Psychology, 79, 54–61.
Schunk, D. H., & Pajares, F. (2002). The development of academic self-efficacy. In A.
Wigfield & J. S. Eccles (Eds.), Development of achievement motivation (pp. 15–
31). San Diego, CA: Academic Press.
Schunk, D. H., & Rice, J. M. (1986). Extended attributional feedback: Sequence effects
during remedial reading instruction. Journal of Early Adolescence, 6(1), 55–66.
https://doi.org/10.1177/0272431686061005

131
Schunk, D. H., & Rice, J. M. (1993). Strategy fading and progress feedback: Effects on
self-efficacy and comprehension among students receiving remedial reading
services. Journal of Special Education, 27, 257–276.
Schunk, D. H., & Swartz, C. W. (1993). Goals and progress feedback: Effects on selfefficacy and writing achievement. Contemporary Educational Psychology, 18(3),
337–354.
Selzler, A.-M., Rogers, W. M., Berry, T. R., & Stickland, M. K. (2020). Coping versus
mastery modeling intervention to enhance self-efficacy for exercise in patients
with COPD. Behavioral Medicine, 46(1), 63–74. https://doi.org/https://doi.org/
10.1080/08964289.2018.1561411
Sheu, H.-B., Lent, R. W., Miller, M. J., Penn, L. T., Cusick, M. E., & Truong, N. N.
(2018). Sources of self-efficacy and outcome expectations in science, technology,
engineering, and mathematics domains: A meta-analysis. Journal of Vocational
Behavior, 109, 118–136. https://doi.org/10.1016/j.jvb.2018.10.003
Shute, V. J. (2008). Focus on formative feedback. Review of Educational Research,
78(1), 153–189. https://doi.org/10.3102/0034654307313795
Slinker, B. K., & Glantz, S. A. (1985). Multiple regression for physiological data
analysis: The problem of multicollinearity. American Journal of Physiology:
Regulatory Integrative and Comparative Physiology, 18(1), R1–R12.
https://doi.org/10.1152/ajpregu.1985.249.1.r1
Streiner, D. L. (2003). Starting at the beginning: An introduction to coefficient alpha and
internal consistency. Journal of Personality Assessment, 80(1), 99–103.
https://doi.org/10.1207/S15327752JPA8001_18
Tavakol, M., & Dennick, R. (2011). Making sense of Cronbach’s alpha. International
Journal of Medical Education, 2, 53–55. https://doi.org/10.5116/ijme.4dfb.8dfd
Tenenbaum, L. S., Anderson, M. K., Jett, M., & Yourick, D. L. (2014). An innovative
near-peer mentoring model for undergraduate and secondary students: STEM
focus. Innovative Higher Education, 39(5), 375–385. https://doi.org/10.1007/
s10755-014-9286-3
Tenenbaum, L. S., Anderson, M., Ramadorai, S. B., & Yourick, D. L. (2017). High
school students’ experience with near-peer mentorship and laboratory-based
learning: In their own words. Journal of STEM Education, 18(3), 5–12.
Tibshirani, R. (2016). Regression shrinkage and selection via the Lasso. Journal of the
Royal Statistical Society. Series B: Statistical Methodology, 58(1), 267–288.

132
Usher, E. L., & Pajares, F. (2008). Sources of self-efficacy in school: Critical review of
the literature and future directions. Review of Educational Research, 78(4), 751–
796. https://doi.org/10.3102/0034654308321456
Vallerand, R. J., & Reid, G. (1988). On the relative effects of positive and negative verbal
feedback on males’ and females’ intrinsic motivation. Canadian Journal of
Behavioural Science/Revue Canadienne Des Sciences Du Comportement, 20(3),
239–250.
Vandenberg, R. J., & Lance, C. E. (2000). A Review and synthesis of the measurement
invariance literature: Suggestions, practices, and recommendations for
organizational research. Organizational Research Methods, 3(1), 4–69.
https://doi.org/10.1177/109442810031002
Vaske, J. J., Beaman, J., & Sponarski, C. C. (2017). Rethinking internal consistency in
Cronbach’s alpha. Leisure Sciences, 39(2), 163–173. https://doi.org/10.1080/
01490400.2015.1127189
Wang, J., Hong, H., Ravitz, J., & Ivory, M. (2015). Gender differences in factors
influencing pursuit of computer science and related fields. In Proceedings of the
2015 ACM Conference on Innovation and Technology in Computer Science
Education (pp. 117–122). Vilnius, Lithuania. https://doi.org/10.1145/2729094.
2742611
Wang, S.-L., & Wu, P.-Y. (2008). The role of feedback and self-efficacy on web-based
learning: The social cognitive perspective. Computers & Education, 51(4), 1589–
1598. https://doi.org/10.1016/j.compedu.2008.03.004
Webb-Williams, J. (2018). Science self-efficacy in the primary classroom: Using mixed
methods to investigate sources of self-efficacy. Research in Science Education,
48(5), 939–961. https://doi.org/10.1007/s11165-016-9592-0
Widaman, K. F., & Reise, S. P. (1997). Exploring the measurement invariance of
psychological instruments: Applications in the substance use domain. In K. J.
Bryant, M. Windle, & S. G. West (Eds.), The science of prevention:
Methodological advances from alcohol and substance abuse research (pp. 281–
324). Washington, DC: American Psychological Association.
https://doi.org/10.1037/10222-009
Willis, P., Bland, R., Manka, L., & Craft, C. (2012). The ABC of peer mentoring: What
secondary students have to say about cross-age peer mentoring in a regional
Australian school. Educational Research and Evaluation, 18(2), 173–185.
https://doi.org/10.1080/13803611.2011.650920

133
Yang, K.-H., & Wu, Y.-H. (2013). Effects of feedback types on the student’s selfefficacy. International Journal of E-Education, e-Business, e-Management and eLearning, 3(3), 10–13. https://doi.org/10.7763/IJEEEE.2013.V3.223
Yang, Y., & Green, S. B. (2011). Coefficient alpha: A reliability coefficient for the 21st
century? Journal of Psychoeducational Assessment, 29(4), 377–392.
https://doi.org/10.1177/0734282911406668
Yarkoni, T., & Westfall, J. (2017). Choosing prediction over explanation in psychology:
Lessons from machine learning. Perspectives on Psychological Science, 12(6),
1100–1122. https://doi.org/10.1177/1745691617693393
Zeldin, A. L., Britner, S. L., & Pajares, F. (2008). A comparative study of the selfefficacy beliefs of successful men and women in mathematics, science, and
technology careers. Journal of Research in Science Teaching, 45(9), 1036–1058.
https://doi.org/10.1002/tea.20195
Zeldin, A. L., & Pajares, F. (2000). Against the odds: Self-efficacy beliefs of women in
mathematical, scientific, and technological careers. American Educational
Research Journal, 37(1), 215–246. https://doi.org/10.3102/00028312037001215
Zimmerman, B. J., & Ringle, J. (1981). Effects of model persistence and success on
children’s problem solving. Journal of Educational Psychology, 73(4), 485–493.
https://doi.org/10.1037/0022-0663.71.4.508
Zou, H., & Hastie, T. (2005). Regularization and variable selection via the elastic net.
Journal of the Royal Statistical Society. Series B: Statistical Methodology, 67(2),
301–320. https://doi.org/10.1111/j.1467-9868.2005.00503.x
Zweben, B. S., & Bizot, B. (2017). 2016 Taulbee Survey: Generation CS continues to
produce record undergrad enrollment; Graduate degree production rises at both
master’s and doctoral levels. Computing Research News, 29(5), 3–51.
Zweben, S., & Bizot, B. (2018). 2017 CRA Taulbee Survey: Another year of record
undergrad enrollment; Doctoral degree production steady while master’s
production rises again. Computing Research Association News, 30(5), 1–47.
Retrieved from https://cra.org/crn/2018/05/2017-cra-taulbee-survey-another-yearof-record-undergrad-enrollment-doctoral-degree-production-steady-whilemasters-production-rises-again/

134

APPENDICES

135

Appendix A
Modeling Training Text

136

137

138

139
Purpose
[Self-intro]
[Nature of programming]
[Value of programming &
debugging]
[Nature of debugging]
[Sharing personal
experience]
[Modeling of positive
attitude]
[Outcome of persistence]
[Encouragement]
[Sharing of tricks and
strategies]
[Explaining (a term)]
[Modeling strategies]

[Modeling how to fix the
problem]
[Explaining (a
term/problem)]

[Modeling how to fix the
problem]
[Modeling strategies]

[Modeling strategies]
[Modeling strategies]
[Modeling strategies]
[Modeling of positive
attitude]
[Value of programming &
debugging]
[Encouragement]

Script
Hi, I am Jane
Programming is like problem solving.
Programmers spend a lot of their time debugging problems in their code.
However, sometimes debugging can be very hard.
When I first started to learn how to debug, it was so frustrating that I felt
like I would never get it.
Knowing how important debugging is, I told myself, “I am gonna learn it
no matter what. I can do this.”
After a bunch of trial and error, I got much better at it. Now I can resolve
most problems within a program on my own.
So be patient and persistent. You will learn exactly what to do.
Here are some of the tricks I have learned that are useful for debugging
and coding in App Inventor. There are two types of errors: syntax errors
and runtime errors.
If a block misses a component, you will have a syntax error.
App Inventor can detect syntax errors automatically and give a warning
message like this. Click “show warnings’ and you will see a yellow
triangle on the block that contains the syntax error. Click the yellow
triangle. A message will pop out telling you what needs to fix the error.
Now you can complete the block with a “true” logic command.
Another common type of errors is runtime or semantic errors. Sometimes
your block has all the required components but it does not do what you
expect it to do. Then there is a runtime error in your code. For instance,
the sockets in the following block are closed. However, when you click
the red button, the canvas does not paint with color.
To fix this, you have to replace the math block with a color block (see
below).
Runtime or semantic errors are less obvious than syntax errors to detect,
because App Inventor cannot identify runtime errors. In order to find and
solve a runtime error, you have to systematic. Test all the blocks, one
line at a time.
You can right-click a block to disable it. In doing so, you can test the
block you want to test and not worry about the others.
You can also collapse a block to increase the readability of other blocks.
This is useful when you have a lot of blocks and/or the blocks are
complicated.
Another right-click option that I find useful is to add a comment to a
block as a reminder of what it is supposed to do.
Debugging is fun. It feels like I’m cracking code and solving a mystery.
Learning to debug is also rewarding as you will use it a lot when you
program.
Go enjoy debugging and solve the coded mysteries!

140

Appendix B
Mentor Practice Cheat Sheet

141

142

143

Appendix C
Mentor Checklist

144

145

146

147

Appendix D
App Descriptions and Associated Programming Concepts

148
App

App Description

Programming Concepts

Talk to Me

Talk to Me causes the app to speak in response to
a button click. While the programming is simple,
the students explore a rich collection of concepts.

App Inventor layout, QR code,
when event, procedure call, button,
text, textbox, accelerometer sensor,
TextToSpeech, strings, good
variable naming

Paint Pot

In Paint Pot, students are exposed to creating a
graphical image. Users paint on screen or image
taken with camera. Pixels, colors, and line
drawing are all important.

Camera, colors, drawing on canvas,
screen coordinate system, images,
paint colors, variables, slider,
horizontal arrangements, after
picture, algorithms, parameters

Channel
Surfing

Channel surfing combines audio and image files.
The app that starts and stops music when you
press a button. This is the first exposure to
conditionals.

Uploading files, if-then-else, player,
boolean variables, conditions

I'm NOT a
Robot!

I'm Not a Robot introduces the programmers to
procedures in a common application. The user
must prove s/he is not a robot by clicking on the
correct button.

Vibrate, table arrangement,
procedure, input/output parameters

Counting

Counting is an app that counts out loud. The
simple requirements require little new
explanation so previous knowledge is reinforced.

Clock, variable, increment, enable,
disable clock, modulo arithmetic

Riddle Me
This

Riddle Me This is a joke telling app. Lists are
used to match jokes with their punchlines. Don't
forget the laughtrack.

Multiple buttons, random numbers,
lists, indexing

Color Me a
Rainbow

Color Me a Rainbow uses custom colors and
linewidths. Sliders are introduced as a way to
input data. The concept of a data type is
introduced as boolean variables (used to control
which image is displayed) are contrasted with
integer variables.

Multiple canvases, coordinate
systems, vertical arrangement,
Creating colors, sliders, procedures,
scrollable, boolean variables, data
type

Positive Self
Talk

Positive Self Talk uses lists and if.then.else
blocks to create an app that steps through images
and coordinated messages, while playing music

Clock switches images periodically,
parallel lists, stepping through
elements of a list.

Excuse
Generator

Excuse Generator picks an excuse at random
when requested. Users may add to (or delete
from) the list as desired. A TinyDB provides a
way to save the changed excuse list.

Lists, TinyDB, adding/deleting
from lists, Compound conditions

FavSport

FavSport has the user designing a game in which
the user tests their skills by tapping one image
while avoiding another image.

Sprites, buzzer, procedure calls,
local variables, when touched,
random elements from list,
parallelism, increment and
decrement.

Selfie
Slideshow

Selfie Slideshow combines a host of skills as the
programmer inputs several pictures and allows
the user to circle people of interest.

Save, clear, reset images, list picker
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Background Survey (Pre-only):
1. What is your first name?
2. What is your last name?
3. What is your gender?
4. What is your birthday? Please write the date in MM/DD/YYYY format.
5. Which grade will you enter in the fall?
6. What is your ethnicity? (One or more categories may be selected)
Self-efficacy (Pre & Post)
1. I can program computers well
2. I am a good computer programmer
3. I am confident in my ability to program computers.

Definition
Perceived similarity refers to mentees’
perceived similarity to their mentors
in regard to programming expertise
and personal attributes such as
personality, values, and personal
interests.

Modeling refers to a mentor’s
behaviors, verbalizations, and
expressions that a mentee attends to
and in turn, drives his/her behavioral
changes. In this study, two types of
modeling will be measured: attitudinal
modeling and performance modeling.
Attitudinal modeling occurs when the
mentors articulate their determination
at programming and belief that
learning to programming is
surmountable and achievable.
Performance modeling refers to the
models’ demonstration of the
programming process as well as
effective skills and coping strategies
to overcome the impasses in the
course of programming.

Mentor instructive feedback refers to
the verbal messages a mentor provides
to a mentee and that serve as cognitive
support for the mentee’s mastery of
programming.

Construct
Perceived
similarity

Mentor
modeling

Mentor
instructive
feedback

Camp Experience (Post-only)

Performance modeling:
6. I noticed useful skills about programming from watching
my mentor program.
7. I picked up tips on how to solve programming problems
from watching my mentor.
8. I have a better understanding of programming from
watching my mentor.
1. My mentor gave detailed explanations about the concepts
when I needed help with programming.
2. My mentor encouraged me to think through the problem
when I needed help with programming.
3. When I needed help with programming my mentor
provided me with hints at the solution.

Personal Attributes:
2. My mentor and I have a lot in common.
3. My mentor and I like a lot of the same things.
4. My mentor and I share a lot of the same interests.
Attitudinal modeling:
1. My mentor inspired me to keep going even when
programming got hard.
2. My mentor inspired me to keep trying even when I felt
like quitting.
3. My mentor inspired me even when programming was
difficult.
4. I think my mentors will keep programming even when it
is challenging.
5. I think my mentor will keep trying even when they
struggle with a program.

Sample Questions
Programming Expertise:
1. How would you rate your programming skill in
comparison to your mentor?

1 = Strongly Disagree
4 = Disagree
5 = Agree
8 = Strongly Agree

1 = Strongly Disagree
4 = Disagree
5 = Agree
8 = Strongly Agree

1 = Strongly Disagree
4 = Disagree
5 = Agree
8 = Strongly Agree

1 = Much Worse
3 = The Same
5 = Much Better

Response Options
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Mentor
persuasion

Mentor persuasion refers to a
mentor’s verbal feedback with the aim
of (a) confirming his/her mentee’s
abilities and (b) motivating and
encouraging the mentee’s engagement
in programming.

1.
2.
3.
4.

My mentor encouraged me to program.
My mentor is supportive of me programming.
My mentor speaks fondly of my programming skills.
My mentor encouraged me by praising my programming
skills.

1 = Strongly Disagree
4 = Disagree
5 = Agree
8 = Strongly Agree
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1. Remind me of your name and mentor’s name.
2. What do you think of the camp so far? Is there anything you particularly like
about this camp?
3. Do you think what you are doing is coding? How would you explain coding to
someone who is not at this camp?
Self-efficacy
4. Compared to before the camp, what do you think of your coding skills now? Have
they changed? If yes, what experiences helped you change? If no, why?
Instructive Feedback
5. How was coding apps for you? On a scale of 1- 5, where 1 is easy and 5 is very
difficult, how would you rate coding. Why (say number)?
6. How has it been working with [mentor name]?
7. Have you asked for any help from [mentor name]? How did s/he help you? (Can
you think of an example of when they helped you?)
If no, probe about an app that was hard and if they needed help and then how they
got the help. Was it helpful?
8. Did [mentor name] give you any feedback on your programming during the
camp? What did s/he say? How did that make you feel? Do you still feel that
way? Why?
9. Did [mentor name] interview you about your apps after you programmed them?
(Probe: After you finished an app did your mentor ask you questions about it?)
Did they give you feedback on your app? How was the feedback? (Probe: How
did it make you feel?)
Modeling
10. Did you ever see your mentor code? Probe about debugging on day 2 and 3. How
was watching them debug/code? How did that make you feel? Did it make you
think about your own coding? How so?
11. Did you mentor share their apps with you? Did they talk to you about some of the
challenges they faced when coding? How did that make you feel? Did they share
any strategies?
Verbal Persuasion
12. When you were coding, did your mentor ever stop by to check in? Do you
remember what they said? Do you remember any feedback they gave you around
your coding?
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Code
Contextual
Factors

Personal
Factors

Modeling

Definition
A context is defined as (a) the
physical environment where an
activity is conducted as well as (b) all
the associated components that may
influence the progression of that
activity. In the present study, the
context is aligned to the App camp,
which is composed of coding (as the
primary activity) and other
supporting components that facilitate
the coding activity, such as
curriculum and mentors.
Therefore, contextual factors refer to
campers’ perceptions/experiences of
the camp and its components. These
are operationalized and coded as (a)
camp enjoyment, (b) working with
mentors, and (c) perceived task
difficulty.
Note that working with mentors is
further defined as (a) the presence of
mentor and mentee interaction and
(b) the quality of a mentoring
relationship.
Personal factors refer to those that
affect campers’ judgement of their
ability in doing coding. These include
in the present study (a) previous
coding experience and (b) perceived
progress in coding.
Modeling refers to a mentor’s
behaviors, verbalizations, and
expressions that a mentee attends to
and in turn, drives his/her behavioral
changes. In this study, two types of
modeling will be measured:
attitudinal modeling and performance
modeling.
Attitudinal modeling occurs when the
mentors articulate their determination
at programming and belief that
learning to programming is
surmountable and achievable.
Performance modeling refers to the
models’ demonstration of the
programming process as well as
effective skills and coping strategies
to overcome the impasses in the
course of programming.
Modeling is coded in respect to (a)

Example Quote
Camp Enjoyment
• The camp has been so much fun.
• I think that it’s really fun experience to learn
about coding and making apps.
Working with Mentors
• She [mentor] … helps me out whenever I need
it. (Example of presence of mentor-mentee
interaction)
• It’s [working with mentor] been good. It’s
been… nice working with our, with mentor.
They help us. (Example of quality of a
mentoring relationship)
Task Difficulty (and Reasons)
• It's five because it's really difficult. …because
you had to get like all the blocks even... you
have to get like the panels, buttons, and
everything like that.

Previous Coding Experience
• I took one class and eighth grade creative
coding, and it just taught you the basics, like
what they do to make a website and all that.
Perceived Progress in Coding
• A lot better, because I didn't have coding
skills before.
Camper Experience
• She [mentor] would like before every
debugging assignment, she would come and
usually have our computers and show us what
to do with them and tell us tips and stuff.
Effect
• I think it [watching mentor debugging] made
us feel better and that we could do it. … Like
watching her [mentor] do it, I felt like I could
do it.
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Instructive
Feedback

Verbal
Persuasion

Definition
whether a mentor conducts it (i.e.,
camper experience), and (b) how the
act of mentor modeling affects
campers’ affect and learning (i.e.,
effects).
Instructive feedback refers to the
verbal messages a mentor provides to
a mentee and that serve as cognitive
support for the mentee’s mastery of
programming.
Instructive feedback is coded in
respect to (a) campers’ experience of
it, and (b) its effects on campers’
affect and learning.

Verbal persuasion refers to a
mentor’s verbal feedback with the
aim of (a) confirming his/her
mentee’s abilities and (b) motivating
and encouraging the mentee’s
engagement in programming.
Verbal persuasion is coded in respect
to (a) campers’ experience of it, and
(b) its effects on campers’ affect and
learning.

Example Quote

Camper Experience
• He [mentor] showed me how to do it and like,
explained why that's the way it works. ‘Cause
[sic] then I can know what to do with it.
Effect
• Whenever I need her help, but she'll, she'll not
tell me the answer. But she'll just like, lead me
through it. And then I'll eventually get it. ...
Because I want to, I want to be able to, like,
do it myself. But, like, because if I get the
answer, that I won't really feel like I
accomplished it.
Camper Experience
• I think ever since yesterday, every day, I come
in, he [mentor] starts writing posted notes.
And then he puts it on our computers saying
us for in the back saying really nice things
about us.
Effect
• They [mentor’s notes] made me feel good,
because then I could, like, believe in myself
that I could do the thing [coding] well.
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